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Abstract

Biology can often be explained by structures and interactions between molecules. It is
therefore of importance for medical sciences that the chemical reactions and molecular
compositions of biological samples can be measured. The purpose of this thesis is twofold.
Firstly, to develop methods for measuring the underlying mechanisms of the lung disorder
pulmonary hypertension. Secondly, to investigating the possibility of classifying brain
tissue for safer resection of brain tumors. A multimodal approach is often motivated, as
there exist many different measurement techniques. In this thesis Raman spectroscopy
has been applied both as the main measurement modality and in cooperation with other
methods.

Raman spectroscopy is a label free optical measurement technique that measure
inelastic scattering from materials that are illuminated by a monochromatic light source.
Raman scattering results in a weak signal that is uniquely proportional to the chemical
structure of the sample. When measuring biological samples, Raman scattering is
accompanied by a strong intrinsic fluorescent signature that can overshadow the signal.
To elucidate the underlying Raman spectrum, it is generally preprocessed to allow further
analysis. There are many methods available for preprocessing; a selection of commonly
used methodologies has been included here, as well as methods of my own design. The
most novel approach being a neural network that was trained on synthetic spectra to
perform preprocessing without relying on user defined variables, which is common for
other methods (Paper A). The neural network resulted in improved preprocessing when
compared to a control predictor, with test data from paraffin, ethanol, and polyethylene,
as well as spectra based on simulations.

Hypoxic pulmonary hypertension (PH) is a condition where the arteries in the lung-
walls are blocked due to prolonged oxygen deprivation or lung disease. People who suffer
from PH, often experience shortness of breath and fatigue. If the condition persists the
added strain upon the heart from the increased resistance in the arteries will result in
right-heart failure. Hypoxic PH is the result of permanently constricted pulmonary arterial
smooth muscle cells (PASMCs). PASMCs reside in the arterial walls and react locally to
reduced oxygen content by constricting. This effect is called pulmonary vasoconstriction
(HPV) and results in the regulation of deoxygenated blood to areas of the lung that have
more oxygen available. Full understanding of the mechanisms of oxygen sensing in PASMCs
has importance for the development of new treatments against PH. To this end a sealed
microfluidic system was designed with the purpose to enable multimodal measurements of
the response of cultivated PASMCs to acute hypoxia including Raman spectroscopy, patch
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clamp, and imaging (Paper B). The microfluidic system was initially tested using Raman
spectroscopy and oxygen sensing to investigate the reaction of PASMCs to hypoxia. The
results were compared to an open flow system that showed a higher variation of the
desired oxygen content (21% or 4%) compared to the designed closed microfluidic system.
The system was later reworked and tested with simultaneous measurements using Raman
spectroscopy, oxygen sensing, imaging, and patch-clamp (Paper C). With this setup it
was possible to track the molecular response in the mitochondria in correlation with the
activity of the calcium-ion channels and the mechanical response of the PASMCs.

The main modality used in clinics for brain tumor imaging is magnetic resonance
imaging (MRI). Structural MRI gives neurosurgeons information regarding the size and
mass effects of tumors. However, during surgery it can be difficult to assess the marginal
zone of tumors. Improvements have been made by incorporating fluorescence guided
resection (FGR) in the standard practice of many operating rooms in Europe. FGR relies
on measuring the emission from metabolized precursor molecules. However, the drawback
of FGR is that it is not tumor specific and has reduced sensitivity in low-grade tumors
and children. In this thesis the option of incorporating a Raman probe setup, to fill in the
gaps of other methods has been discussed. During this preliminary discussion it was noted
that there is no standard approach for preprocessing and many different methodologies
have been employed by various researchers. Therefore, measurement on fresh brain tumor
tissue from a Raman microscopy setup was preprocessed using commonly applied methods,
in addition to a pretrained neural network, to investigate the variations of the outcome
(Paper D). It became apparent that different methods and variable choices can alter
the distinctive spectral features. The conclusion being that it is important to be both
transparent and specific when explaining how data has been prepared prior to analysis to
enable reproducible results.
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Chapter 1

Introduction

If one were to zoom into a living being, a whole universe of interacting molecules would
eventually become visible. The purpose of this thesis is to elucidate how molecular
structures and dynamics can be measured, using a technique called Raman spectroscopy.
The biological phenomena investigated have relevance for different medical disorders and
it will be argued that a multimodal measurement approach is often motivated to create a
more complete picture.

Consider an arbitrarily chosen living being, for example a mouse. When we look upon
a mouse, we can see the eyes, legs, fur, and everything else that composes the external
structure of the being. Beneath the skin there resides various tissue and organs, such
as the muscles that allows the mouse to interact with the world. The lungs that fill
up with air and oxygenates blood that is pumped throughout the body by the heart.
Zoom into the blood and you will see that the continuous flow consists of many smaller
bodies tumbling about in a solution, these are red blood cells. Red blood cells contain,
among other structures, a protein called hemoglobin that carries oxygen [1]. Cells are the
principal building blocks of biology, and they can take on different shapes and perform
all kinds of actions. For example, muscle fiber that allow us to move and interact with
the world are huge cells that are constructed from the fusion of cell precursors called
myoblasts [1]. The brain is composed of a highly organized collection of nerve cells that
transmit signal through electrochemical stimulation, through a network of smaller cell
structures called dendrites and synapses [1]. All these and other animal cells are of a
type called eukaryotes, which is a type of cell that has its own internal universe once
you look beyond the outer membrane - the cells surface. Inside the cell there exists
an array of different biological structures that performs various functions such that the
cell can live and function as intended. All eukaryotic cells for example contain or have
at one point contained mitochondria that take up oxygen and harness energy through
protein complexes from oxidation of food molecules [1]. If one digs far enough into
biological processes, it becomes apparent that at its core are some interactions between
these functional molecules called proteins.

Molecules are constructions made of a set of atoms with varying mass that are bound
together through covalent bonds. Atoms have a positively charged core that is surrounded
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by negatively charged electrons. All atoms desire a specific number of electrons, and in a
covalent bond, two atoms share their respective electrons, such that the net charge equals
zero. Physical law dictates that opposite charge attracts while particles of like charge
are repelled. Consequently, the core of the atoms in the molecules stay at an optimal
distance to one another while maintaining access to the electrons of the other atoms. The
result is a geometric structure that depend on the number of atoms and their respective
desire to attract electrons. The same set of atoms can be structured in different ways,
resulting in different molecules but from the same building blocks. For example, ethanol
and dimethyl that both have the chemical formula C2H6O, but one is a liquid in room
temperature while the other is a gas. The material exhibits different properties because
of the bonds between the atoms. It is the set of atoms and how they are configured that
define a unique molecule.

The importance of understanding what molecules exists in the body and how they
interact with one another is of utmost importance for modern medicine. Diabetes is a
good example of a disease that has gone from a death sentence to something that can be
successfully managed, because of the understanding of the underlying molecules. In 1901
it was discovered that a collection of cells in the pancreas called Islets of Langerhans,
produces a hormone called insulin, and that if these molecules were destroyed the patient
would develop diabetes [2]. About two decades later, it was becoming procedure to inject
insulin that was extracted from the pancreas of dogs into patients, resulting in the 1923
Nobel prize in physiology [3]. Towards 1950 scientists understood the structure of the
insulin molecule to such a degree that it was possible to create synthetic human insulin
that has the advantage of being less likely to result in allergic reactions than injections
of the animal counterpart [4]. The history of diabetes is long with contributions from
many significant figures throughout the years, but in the end the manageability of the
disease comes down to the understanding of the molecules involved in the process [4].
With modern metrology it is more feasible than ever before to perform direct or indirect
measurement on the molecular composition and dynamics that can hold key information
required for the development of life saving medicine.

Raman spectroscopy is an optical technique that measures inelastic scattering from a
material due to illumination from a monochromatic light source. Raman scattering was
first observed experimentally by C.V. Raman, whom the phenomenon has been named
after. In the 1928 publication entitled “A new type of secondary radiation”, it was reported
that different materials responded to illumination by emitting light of different colors
than what existed in the incoming field - the bonds of the molecules emitted light based
on the molecular configuration [5]. The Raman scattering is both uniquely proportional
to the molecule that emits the light and is a direct result of the interaction between
the incoming field and the sample. A spectrometer can be used to image the intensities
and colors of the Raman scattering, and thereby acquiring label free information about
the molecular composition of a sample. Label free is a terminology that describes a
technique that does not require an additive to enable the measurement. Note that Raman
spectroscopy is one technique among many others and that all techniques have different
strengths and weaknesses therefore it is often motivated to include information from
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multiple measurement modalities.
In this thesis Raman spectroscopy is used as part of multimodal measurement systems

to gain insights beyond what is possible with any of the involved techniques alone. The
document is structured such that the content is divided into three main sections. The
first section deals with Raman spectroscopy, preprocessing and analysis of Raman spectra.
The results are presented in Paper A. The second section describes multi-modular
measurements of living cells while exposed to acute hypoxia in a sealed microfluidic
system, using oxygen sensing, patch clamp, imaging, and Raman spectroscopy. The
investigated cells were pulmonary arterial smooth muscle cells (PASMCs), which reside
within the arteries that connect to the lung and regulate the flow of deoxygenated blood to
areas of the lung that are rich with oxygen. These results can be found in Paper B and
Paper C. The third section discusses the use of a Raman probe setup in neurosurgery as
supporting technology to existing standards. It is noted that there is a lack of standard
of Raman preprocessing of spectra from tissue samples. The variations in outcome
from different preprocessing methods on spectra from fresh brain tumor samples was
therefore investigated to show whether there are advantages or disadvantages to some of
the techniques. The results are shown in Paper D.





Chapter 2

Raman Spectroscopy

2.1 The Raman effect
A general molecule is a geometric construct of atoms bound together through covalent
bonds i.e. shared electrons. Basically, all matter is made from a collection of molecules.
When molecules are illuminated the bonds can become briefly excited and absorb a
portion of the incoming light. The charged electron then exists in an unstable energy
state, either an actual energy state or a virtual state. The added energy will sooner or
later be releases as light. The actual energy state will relax back into the ground state
and release the excess energy as fluorescence. The virtual energy state is short lived and
as it relaxed back to the ground state it results into what is known as Rayleigh scattering.
On rare occasions it results in the elusive Raman scattering. For illumination with a
monochromatic light source of frequency ωL, such as from a laser, the intensity of the
Raman scattered light of frequency ωS can be modelled as,

IS(ωL, ωS) = I0(ωL)zρ0σSLE(ωL, ωS), (2.1)

where IS is the intensity due to single light emission (SLE), I0 the intensity of the
incoming light, z the distance travelled through the material, ρ0 the number density of
molecules, and σSLE is the scattering cross-section [6]. The cross-section is equivalent to
the probability that an incoming photon is scattered, and it can be written as,

σSLE(ωL, ωS) =
4ωLωS

9~2c4
SSLE(ωL, ωS), (2.2)

where ~ is the reduced Planck’s constant and c is the speed of light. SSLE is known as a
non-linear response function, which can be written as the linear combination,

SSLE(ωL, ωS) = SRA(ωL, ωS) + SFL(ωL, ωS), (2.3)

where SRA and SFL, are the contributions from Raman scattering and fluorescence,
respectively. In 1923, five years earlier than Ramans experimental discovery, A. Smekal
published a semi-classical theoretical description that predicted the inelastic scattering
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phenomenon [7]. Based on Smekal’s ideas H. Kramers and W. Heisenberg formulated the
so-called Kramers-Heisenberg equation [8],

SRA(ωL, ωS) = 2π
∑

i,k

P (i)|χki(ωL)|2δ(ωki + ωS − ωL), (2.4)

which was published in 1925. This expression explains all possible transitions between the
initial energy states i, to the resulting vibrational states k. As the Dirac delta function,
δ(ωki+ωS−ωL), equals zero for all values except for ωS = ωL−ωki, a wavelength shift must
occur. This means that the incoming light will be transformed through the interaction
with the molecule to a spectrum of colors. A Raman shift towards longer wavelengths is
said to be red-shifted or to be Stokes scattered. The opposite side of the spectrum, where
wavelengths are shorter than the incoming light, is said to be blue-shifted or anti-Stokes
scattered. The intensity of the scattered light is proportional to the probability of the
transitions,

χki =
∑

j

µkjµji

ωij + ωL + iΓ
, (2.5)

where j is the short-lived virtual energy state that is intermediate between the initial
state and the final vibrational state. µkjµji is the probability of the transition i → j
followed by j → k. Γ is called the dephasing rate and depends on the average time it
takes for the excited electrons to return to their initial state. The transition also has a
temperature dependence that is given by,

P (i) = exp

(
− Ei

kBT

)/∑

q

exp

(
− Eq

kBT

)
, (2.6)

The bond energy, Ei, and the Boltzmann constant, kB combines into the rate parameter of
an exponential distribution that scales the likelihood with the inverse of the temperature,
T . The probability that a bond is excited is thereby larger for increased temperature
exposure to the molecule.

The non-linear response function of Fluorescence can likewise be expanded into
transition probabilities [6],

SFL(ωL, ωS) =
∑

i,j,k,l

P (i)µijµjkµklµli . . .

2Γ̂

(ωjl + iγ)(ωji − ωL + iΓ)(ωli − ωL − iΓ)

(
1

ωlk − ωS − iΓ
− 1

ωjk − ωS + iΓ

)
.

(2.7)

Note that there is a transition to a state l involved in the creation of fluorescence, that
was not included in the Kramers-Heisenberg equation. This is the transition to an actual
energy state, where the excited electron will remain for a relatively long time, before
relaxing back into the initial state, that results in the emittance of the fluorescent light.
The dephasing rate of the fluorescence is given by, Γ̂ = Γ− 1/2γ, where γ is called the
inverse life-time of an energy state.
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The number of energy states, i, j, k, l, that the electrons can occupy, depends upon the
geometry of the molecule. A molecule of N atoms, has 3N − 5 vibrational modes if it is
linear (atoms are placed in a line) or 3N − 6 if it is non-linear. Not all vibrational modes
are Raman active, but if the molecular geometry is known group theory can be applied to
find the number of non-linear symmetries, that is equal to the number of Raman active
vibrational modes [9].

2.2 Detection of spectra
To measure the Spontaneous Raman effect, an optical system is usually designed around
a spectrometer, where the scattering is collected into a spectrometer. Figure 1, shows
a schematic of a Czerny-Turner monochromator [10, 11]. The individual colors that
combine into the polychromatic light is sorted using a grating and focusing mirrors, into
a detectable spectrum. The spectral resolution of this design is given by,

∆λ =
Wslit cos(α)

GLC
, (2.8)

where Wslit is the width of the slit opening, α is the angle of which the light hits the
diffraction grating. G is the grating groove density, which denotes the number of grooves
per unit length of a diffraction grating [12]. LC denotes the distance between the slit
opening and the collimating mirror, mC, that transforms the light into a field of parallel
propagating rays. As the light interact with the grating, the various wavelengths are
reflected at slightly different angles, separating the colors of the spectrum. The spectrum
is then imaged onto a detector using a focusing mirror, mF, recording the distribution of
frequencies across the surface of the detector. The angle β, between the grating and the
focusing mirror can be solved for through,

sin(α) cos

(
β + α

2

)
=
λCG(β + α)

4
, (2.9)

where λC is the desired center wavelength in the recorded spectrum. The distance to the
detector from the focusing mirror LF and the desired magnification M can be determined
by the following set of equations,

LF =
2WD cos(β)

GλC
, LC =

LF cos(α)

M cos(β)
. (2.10)

The recorded spectrum is typically presented as a 1D-image, with Raman intensity
on the vertical axis and Raman shift on the horizontal axis. The Raman shift, is a
mathematically constructed unit that is defined as,

∆ν =
ωL − ωS

2πc
=

1

λL
− 1

λS
, (2.11)

such that the peaks of the spectrum are equivalent to the eigenfrequencies of the probed
molecules. A Raman shift is typically denoted in units of cm−1.
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Wslit

LF

WD

LC

α+ β

mC mF

G

Figure 1: Schematic of a Czerny-Turner monochromator, that separates the wavelengths in a
polychromatic field and images it onto a detector.

2.3 Preprocessing

Raman Shift

In
te
n
si
ty

Raw Spectrum

Ideal Raman Spectrum

Figure 2: Black line; Raw spectrum (synthetic), including Raman scattering, fluorescence,
cosmic rays and noise. Blue line; ideal Raman spectrum, after having perfectly
removed all disturbances.

A measured SLE spectrum, contains not only the desired Raman scattering, but
also the addition of fluorescence. These effects are intrinsically random, which adds to
measurement noise to create local imperfections in the spectrum. On rare occasions the
spectrometer is also able to collect a particle with relatively high energy. This is called
a cosmic ray and it can hit the detector at a random location [13], which results in a
statistical outlier. All these additions are typically considered disturbances, and they
should be removed to be able to study the Raman spectrum as is. This is exemplified
by Figure 2 that shows a raw spectrum as compared with the ideal Raman spectrum.
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Raman Shift

In
te
n
si
ty Input spectrum, s

Fit polynomial, p = X(XXT )−1XT s

Update spectrum, s(s > p) := p(s > p)

Output baseline, s

0 iterations

1 iterations

2 iterations

3 iterations

Figure 3: Baseline estimation from a spectrum of synthetic Raman peaks with an added smooth
curve (polynomial). The estimation is done with polynomial fitting following the
included algorithm, with zero, one, two and three iterations, respectively. Note that
X is a matrix containing polynomial basis vectors.

The numerical method employed to extract the Raman signal prior to analysis, is called
preprocessing. In the upcoming sections, 2.3.1 to 2.3.4, Raman preprocessing will be
outlined starting with baseline correction, followed by smoothing, cosmic ray removal
and normalization - the goal of these techniques are to make a transformation from the
raw spectrum of Figure 2 to that of the ideal spectrum. In 2.4 an alternative method for
automated Raman preprocessing using an artificial neural network is presented.

2.3.1 Baseline correction

Fluorescence or ambient light sources that are not properly shielded from the measurement
setup result in a smooth curve called a baseline. Most baseline correction algorithms
attempt to estimate the baseline, such that it can be subtracted. There exist a multitude
of methods available, but most of them seem to be built upon the ideas of Lieber et
al [14]. They proposed a method to perform an iterative polynomial fitting, such that the
polynomial would slide below the signal. This method is exemplified in Figure 3. Zhao et
al proposed an additional threshold to the method, such that the iteration would stop
automatically when having slid beneath the spectrum [15]. Many methods today employ
piecewise fitting of different basis functions, such as splines and wavelets. An example of
piecewise fitting is msbackadj, a commercial baseline correction algorithm that is included
into Matlab’s Bioinformatics Toolbox (Mathworks, USA).

2.3.2 Smoothing

In Raman spectroscopy, the most widely used filter is likely the Savitzky-Golay filter [16,17].
The filter employs a piecewise least square polynomial fitting, that gradually reconstruct
the initial signal by exchanging the original data with the center values of the local
fitting. This process is exemplified in Figure 4. Filter parameters should be carefully
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Raman Shift

In
te
n
si
ty

Smoothed signal

Noisy signal

Local polynomials

Figure 4: Smoothing for noise reduction of spectrum, using the Savitzky-Golay filter (segment
length of 7 pixels and polynomial order 2). A segment of the signal is zoomed to
show the original and the reconstructed signal, along with local polynomial fittings.

chosen because the smoothing can degrade the signal, by changing the shape of peaks
and averaging spectral features. It can be difficult to make a good objective decision,
but it is to possible perform cross-validation to estimate the optimal filter parameters
from a sweep. The Savitzky-Golay filter has been criticized in the passed because it is so
computationally heavy, which makes it costly to perform cross-validation [18]. But with
today’s computers this hardly seems to be a problem. It is even possible to include a
multivariate fitting, to create locally optimal reconstructions from a set of measurements
from the same sample. Other smoothers commonly employed in Raman spectroscopy,
include linear methods such a convolution with various kernels. Examples include the
moving average or gaussian filter, that gradually replaces the pixels of the initial signal
with a local mean. An example of a non-linear filter is the Median filter, that gradually
replaces the pixels of the initial signal with a local median from a segment.

2.3.3 Cosmic ray removal

Detecting and removing outliers is something that most people who perform statistical
analysis must deal with at times. For Raman spectroscopy the most straightforward,
and likely the most used method, is to calculate a median over a set of at least three
measurements. This approach has the added benefit of reducing the noise simultaneously
as extreme points are removed. This works because of the unlikeliness that two or more
cosmic rays happens to coincide at the same pixel value. However, it is not always the
case that it is possible to acquire necessary measurements, or it could be undesirable
to reduce the sample size. In these cases, placing a threshold on the second derivative
comes in handy as a method for recognizing the locations of cosmic rays [13]. Note, that
once the pixels containing cosmic rays have been located, they must be inpainted with
appropriate function values. An appropriate inpainting method would be a least square
fitting that ignores the pixels that have been marked to contain the cosmic ray, this is
exemplified in Figure 5.



13

Raman Shift

In
te
n
si
ty

Spectrum

2:nd derivative

Corrected spectrum

Polynomial

Cosmic ray

Figure 5: Estimation of Cosmic ray positions using the second derivative of a spectrum. Zoom
of segment containing a cosmic ray, to show removal of cosmic ray by local polynomial
fitting.

2.3.4 Normalization

To be able to do direct comparisons between data, the data must be normalized. Normal-
izing the data implies the data to be transformed somehow to a space where it appears
more normal or regular. For Raman spectroscopy, normalization typically implies a
transformation in intensity, where the signal values are scaled by some internal metric.
One common scale factor is the L2-norm,

||s||2 =

√√√√
N∑

i=1

|si|2, (2.12)

where i is the indexes of a signal with length N . The signal is finally normalized through
the transformation ŝ = s/||s||2. Another commonly applied method is to normalize the
z-score,

ŝ =
s− µ
σ

, (2.13)

that transforms the intensity distribution to resemble a normal distribution with mean
zero and standard deviation one, N(0, 1). µ is the signal mean and σ the standard
deviation.

In addition to intensity transformations, the Raman shifts may have to be corrected.
Measurements done from different systems or settings can result in a mismatch in indexes
along the horizontal axis. In these cases, the mismatch must be interpolated.

2.4 Neural network preprocessing
Preprocessing methods, such as those mentioned in 2.3, are often dependent on variable
choices by the user, which ultimately makes their behavior subjective. An objective
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parameter choice can be made by incorporating cross-validation into the method. Cross-
validation applies a parameter sweep, and preprocesses the data for each set of parameters
in the sweep, before the estimating the quality of the result to find an optimal configuration.
An alternative is to train an artificial neural network, to perform preprocessing. A neural
network is a black box solution, that is trained to match an input to a desired output. In
this case the input is an arbitrary raw spectrum, and the output is the ideally preprocessed
result.

2.4.1 Synthetic Raman spectra

An issue with setting up a neural network for preprocessing of Raman spectra, is that
a perfect input-output pair does not exist from measurement data. In this case the
measurement data would have to be processed by an expert, if any errors were to exist
they would be incorporated in to the training. The best-case scenario would be that
the neural network learned to mimic the methods used to prepare the training data.
Setting up the training using synthetic data based on a semi-physical model solves
this problem, because then the Raman signal is generated before the addition of the
baseline, noise, and cosmic rays, such that no preprocessing errors in the training data
can exist. A synthetic input-output pair is demonstrated in Figure 2. Note, that for many
measurement situations the investigated sample is in an environment that will result in a
measurable background signature. The signal from the sample and background forms a
linear combination, that means it can also be subtracted if it is measured separately. The
neural network can be extended to incorporate a background measurement to perform
the signal separation automatically. The procedure for synthesizing data for sample with
background and background alone, can be seen in Figure 6. The background can be
ignored, by skipping the third step.

2.4.2 Experimental setup for neural network preprocessing

In paper A a neural network was pretrained to demonstrate preprocessing of spectra from
ethanol, paraffin and polyethylene. All of these materials were placed in a petri dish of
polystyrene, that resulted in a background that could be measured separately. The setup
can be seen in Figure 7. The measured spectrum was forwarded into a neural network for
preprocessing. Note that the network architecture of paper A, was arbitrarily chosen.
The layers of the network can be chosen with complete freedom, where the depth of the
architecture is associated with the number of layers included. In this setup, the following
layers were used:

• Convolution X × Y × Z - performs Z convolutions with a X × Y kernel.

• Average Pooling X × Y - reduces the data by calculating local means with a kernel
size of X × Y .

• Batch Normalization – normalizes the data to a normal distribution with parameters
N(µ = 0, σ = 1).
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i) Create Raman spectrum (Lorentzian peaks):

si =
∑

peaks
a

(x−x0)2+b

i = 1, 2 sample & background

(a amplitude, b width, x0 position)

ii) Add Baseline (polynomial):

si := si +
∑N

n=0 w
nxn

(N order, w coefficients)

Other smooth curves are also valid

iii) Linear combination:

s1 := qs1 + (1− q)s2, q ∈ [0, 1]

Redefine sample spectrum

iv) Add noise:

Appropriate noise models
are Poisson or Gaussian.

v) Add cosmic rays (sharp Lorentzians):

a
(x−x0)2+b

Sample Background

Figure 6: Scheme for generatic synthetic Raman spectra using Lorentz peaks, smooth curves
and random number generators.
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Figure 7: Setup for measuring Raman spectra using a microscope setup. Measurements from
sample plus background is then preprocessed using a neural network. The background
spectrum is removed by the neural network from separate measurements.
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• Rectified Linear Unit – sets all negative values equal to zero.

• Drop Out X% - ignores a percentage of the data during training, to avoid overfitting.

• Fully Connected – Matrix multiplication.

The idea with this setup is that the operations prior to the fully connected layer will
extract features from the data i.e. it will find the Raman signal. Then the fully connected
layer transforms the signal into the desired dimensions and the correct appearance. The
network presented in Paper A, was trained on a set of 2 · 105 synthetic spectra to
preprocess four observations from sample plus background and background, respectively.
This results in a multivariate preprocessing scheme, that can take advantage of the
different observations to sort out noise and cosmic rays. Note that the synthetic spectra
were limited to contain a maximum of eight peaks.

2.4.3 Spectra from Raman active materials preprocessed with a
neural network

The neural network described in the previous section was able to process spectra from
ethanol, paraffin, and polyethylene with generally higher quality than that of a reference
predictor, see figure 8. The control predictor employed a Whittaker smoother with
cross-validation for noise reduction [18], asymmetric least squares were used for baseline
correction [19] and the second derivative was used for cosmic ray removal [13]. Note
that the background measurement from polystyrene was processed separately and then
subtracted from the sample measurement, this operation was handled simultaneously
as the rest of the preprocessing by the neural network. The results were compared to a
high-quality measurement to be able to judge the quality of the preprocessing. In addition
to the neural network being superior to the control on the three demo measurements,
it also performed significantly better when it was employed to preprocess a set of 105

synthetic spectra. As the network was trained to handle no more than eight peaks in
this setup, it was also shown that the quality of preprocessing degraded with the number
of peaks in the Raman spectrum. In Paper A, it was shown that the neural network
appears to converge to the same quality preprocessing as conventional preprocessing
methods when going outside the range of the variables employed in the training. This
means that it is beneficial for the training to have so prior knowledge of the samples that
is supposed to be preprocessed with the neural network.
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Figure 8: Results from preprocessing measurements from ethanol (EtOH), paraffin (PAR) and
polyethylene (PE). The sample spectrum was contaminated from a background of
polystyrene (PS). It can be seen that the neural network was able to get results that
closely resembled the true signal, from high-quality measurements, and outperformed
the control predictor.
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2.5 Raman analysis

2.5.1 Peak assignment

A Raman spectrum can be viewed as an unconventional picture of the structure of a
molecule. Figure 9, shows a Raman spectrum from a sample of ethanol, the peaks of
the spectrum has been assigned to the various bonds of the molecule. What peaks to
assign to what bond can be determined by comparing the spectrum from small molecules.
Consider, a molecule with a similar structure to that of ethanol, such as methanol. From
the chemical formula of methanol, CH3OH, it is known that the molecule contains one
CH3 and one OH group. Ethanol has the same subunits as methanol, as well as a CH2

group. By comparing the spectrum from the two molecules the CH2 bond can be solved
for from the peaks that arise. Note that the CC bond that does not exist for methanol,
but does exist for ethanol, will also give rise to peaks that results in more unknowns
than can be solved for from these two molecules alone. But from many measurements
from samples with known content the various structures of the molecule can become
known. This kind of analysis does not give insight into the type of molecular vibration
– stretching, rocking, and so on. Insights into details of the type of vibrational modes
can be gained from analyzing molecular symmetries with group theory [9], which goes
beyond the scope of this thesis. To date there is an extensive body of scientific writing
that can be referred to for assignments of the relevant peaks, such as Talari et al’s review
that contains an extensive table of peaks that have been assigned from many different
biochemical compounds [20]. Recall that the peak intensities of a Raman spectrum may
vary depending on temperature, laser wavelength (see section 2.1) or spectrometer setup
(see section 2.2), which means that the appearance of spectra may vary with publications.

2.5.2 Spectral fingerprinting

The impression made by the ridges of a finger, is called a fingerprint, and is an important
marker for identification of culprits in the field of forensic science. Human fingerprints
are detailed and (almost) unique, which makes it possible to identify one person by
searching for a matching mark in a database of known culprits. Similarly, the Raman
spectrum is uniquely proportional to the molecular composition of a sample, which makes
it possible to identify a material by comparing the spectral signature with those contained
in a database. If a sample is a composite of different materials, the spectrum can be
decomposed into a linear combination of spectra from known materials. Figure 10, shows
how the spectrum from samples containing more than one polymer was decomposed into
linear combinations of the spectra from the individual polymers. In this example, the
linear combination was estimated by least squares fitting from a database containing only
the plastics that were known to be contained in the sample. In more complex situations a
fitting would preferably be done upon an overcomplete dictionary, containing many more
spectral signatures than what would be expected to explain the entirety of the signal.
Algorithms such as orthogonal matching pursuit can be used to find optimal fittings from
a user defined number of spectra from the database [21]. Once a fitting has been found
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Figure 9: Peak assignments on the Raman spectrum from ethanol in the fingerprint region.

it can be scored by applying a quality metric – in Figure 10 correlation was used to
compare the resemblance between the measurement and the linear combination. Spectral
fingerprints can also be incorporated into preprocessing, which was explored in paper
C, where correlation with spectra from known biomarkers was used to find optimal filter
parameters that would retain the desired information.

2.5.3 Multivariate data exploration

If a lot of data is available, it is possible to perform multivariate data exploration to
search for patterns in the various spectra. The most commonly used technique for data
exploration is principal component analysis (PCA). Consider a matrix,

S =




. . . s1 . . .

. . . s2 . . .
...

. . . sN . . .


 , (2.14)

where the rows, si, are independent measurements. In PCA the data should have a zero
mean,

X = S − µ, (2.15)

where µ is an array with elements equal to the mean of the spectra, i.e. µi = mean(si).
There are different approaches to computing the principal components, but it is often the
default setting to find the singular value decomposition,

X = UΣWT, (2.16)
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Figure 10: Raman spectra from mixtures of polymers, solved for as linear combinations of
measurements of the pure materials.
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Figure 11: Visualization of principal components from measurements of five different polymers
in a two-dimensional space. The various polymers form clusters depending on their
spectral signatures.



23

where Σ is a diagonal matrix with elements called the singular values. The score of the
PCA is defined as, the multiplication with the left singular vectors and the singular values,
i.e.

T = UΣ. (2.17)

where each row in T represent a point in an N dimensional space. The score is a
transformation to a different space where it is possible to visualize trends in data. Figure
11 shows how clusters are formed in a plane in the PC-space from measurements on
five different polymers. Points that are in close vicinity in the PC-space have similar
features. T has the number of dimensions equal to the number of measurements included
in the PCA, often many of the dimensions can be ignored as they are not contributing
significantly (typical threshold 95%) to the variation in the data. However, it can still
be difficult to envision the clustering, because the number of significant dimensions may
exceed what is convenient to visualize. There are methods available to address that
problem, such as t-distributed stochastic neighboring embedding (tSNE), that finds a
projection of the PCs onto a plane that is optimized for cluster visualization [22]. The
plane found by tSNE vary in its appearance depending on how the algorithm is initialized,
which means that random initializations can lead to problems of reproducibility. In
Paper D, PCA and tSNE was used to assess the prepocessing of spectra from brain
tissue samples when comparing different preprocessing techniques - in that study the
tSNE was initialized in the plane of the two PCs that contributed most to the variation
of the data.





Chapter 3

Response to Oxygen Deprivation
in Pulmonary Arterial Smooth
Muscle Cells

3.1 PASMCs and pulmonary hypertension
Elevated pressure in relation to the lungs is diagnosed as the disease Pulmonary Hyper-
tension (PH) [23]. The world health organization (WHO) classifies the PH into 5 groups,
depending upon the cause or treatment [24,25].

• Group 1: PH is discovered due to an observed narrowing of the pulmonary arteries
and the underlying cause is unknown.

• Group 2: PH is discovered in cases where the left side of the heart has reduced
capacity due to some disease, such as aortic or mitral stenosis [26].

• Group 3: PH due to lung disease or other causes which results in a shortage of
oxygen (hypoxia) in the body.

• Group 4: Arterial blockage due to blood clots originating from some other part of
the body; Thromboembolic Pulmonary Hypertension [27].

• Group 5: PH in connection with some known disease, such as blood or metabolic
disorders, that cannot be placed in any of the previous groups.

Symptoms of PH include fatigue and shortness of breath [23]. The strain that is put
on the heart will eventually lead to heart failure [28]. Upon diagnosis of PH, the mean life
expectancy is no more than a few years if the disease goes untreated [29]. In this study
we explore the biomolecular mechanisms for group 3 PH; in connection to hypoxia or lung
disease, such as chronic obstructive pulmonary disease (COPD) [23,30]. Group 3 PH is
treated by medicating for the cause of oxygen deprivation [23]. It is desirable to medicate

25
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Figure 12: Illustration of the lung and heart. The pulmonary arteries connect from the heart
to the lungs. In the arterial walls the pulmonary Arterial Smooth Muscle Cells
(PASMCs) are located. they have the ability to constrict due to oxygen shortage,
this process is called hypoxic pulmonary vasoconstriction (HPV).

for group 3 PH directly. Attempts have been made by applying treatments for group 1
PH (PH with unknown cause) to relieve the symptoms of group 3 PH, unfortunately with
limited success [23].

The wall of the human lung is covered in arteries, through which deoxygenated blood is
pumped. The arteries present a dynamical response to oxygen deprivation called hypoxic
pulmonary vasoconstriction (HPV), where the arteries in areas of the lung with reduced
access to oxygen constrict to reduce the blood flow. This is the response that is employed
by the body to regulate for optimal oxygen uptake. On a cellular level, vasoconstriction
is due to a network of pulmonary arterial smooth muscle cells (PASMCs) that constrict
in unison. The effect is well known on a macroscopic level, but the molecular details
of this phenomena remain elusive. Shining light on the underlying details could result
in improved medication and therapies for people who suffers from conditions related to
impairments of HPV, such as Group 3 PH.

HPV is the result of bonding between calcium and the protein calmodulin [31].
Virtually all cells have potassium Kv-channels, that regulate cellular functions [1, 32].
The potassium channels of PASMCs close upon hypoxia, which leads to polarization
of the cell [31]. To account for the induced dipole moment, calcium channels open,
resulting in an in-flow of calcium ions [31]. The biochemical details of oxygen sensing
in PASMCs that trigger the dynamics of the ion channels remain elusive. Evidence
suggests that the mechanism for oxygen sensing take place in the NADH-oxidase of the
mitochondria [31, 33,34].

The NADH-oxidase is a chemically favorable reaction used to transport energy [32].
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The reaction is violent and for the mitochondria to be able to account for the released
energy the reaction has been split up into a protein complex, involving NAD+, ubiquinone
and cytochrome c, which form the following reactions:

1. NADH - Ubiquinone (Q) oxidoreductase:

NADH + H+ + Q + 4H+
in → NAD+ + QH2 + 4H+

out, (3.1)

2. Ubiquinone (Q) - Cytochrome c (Cyt c) oxidoreductase:

QH2 + 2Cyt c(Fe3+)→ Q + 2Cyt c(Fe2+) + 2H+, (3.2)

3. Cytochrome c (Cyt c) oxidase:

4Cyt c(Fe2+) + 8H+
in + O2 → 4Cyt c(Fe3+) + 2H2O + 4H+

out, (3.3)

During hypoxia, oxygen would diminish, and the ratio of ferrous cytochrome c (Fe2+)
should therefore increase. As the concentration of ferric cytochrome c (Fe3+) decreases,
ubiquinone becomes saturated, with the result of an increased concentration of NADH
compared to NAD+.

To investigate this phenomenon an environment was constructed in which PASMCs
could be exposed to a rapid change from normal oxygen conditions to that of hypoxia.
The system had to include a way of measuring the dynamics of the calcium-ion channels
as well as the molecular actions of the mitochondria. From this problem description, a
microfluidic system was developed that enabled multimodal observations of PASMCs.

The microfluidic system developed was designed to accommodate four measurement
modalities. The Patch Clamp technique can measure the flow of calcium ions through the
cell membrane by detecting changes in membrane potential [35]. Raman spectroscopy can
measure the molecular composition (see chapter 2). Imaging of the PASMCs to reveal
whether HPV had been triggered. Oxygen sensing was implemented to track the current
oxygen concentration in the chamber. Details of the system are mentioned in section 3.2
and in Paper B and Paper C, respectively.

Note that Patch Clamp is a technique that can be used to measure the activity of
ion-channels (mainly K+, Ca2+ and the cellular membrane potential) such that it may
be correlated with simultaneous results from microscopy and Raman spectroscopy. The
patch clamp technique is generally used to study the electrical activity of individual living
cells and single ion-channels, respectively. The technique places a hollow glass pipette that
is filled with an electrolyte solution to close proximity with the membrane of a cell. The
pipette forms a seal with the membrane, which allows the study of the activity of single
ion channels or whole cell currents (sum of all cellular ion channels). The patch clamp
technique was developed by E. Neher and B. Sakmann, for which they were awarded with
the Nobel prize in Physiology or Medicine 1991. More information on this technique can
be found in their book Single-Channel Recoding [35], it is not covered in more depth in
this thesis.



28

34.0 mm

10
.5

m
m

10
.0
m
m

20.0 mm

20
.0

m
m

47.0 mm

40
.0

m
m

y

x

(a) (b)

External Diameter Internal Diameter Angle

Channel �x �y �x �y ∠
Inlet 4.0 mm 4.0 mm 2.0 mm 2.0 mm 60◦

Outlet 3.5 mm 3.5 mm 6.0 mm 5.0 mm 50◦

Oxygen Sensor 4.0 mm 4.0 mm 1.0 mm 1.0 mm 55◦

Patch Pipette 6.5 mm 6.5 mm 6.5 mm 10.0 mm 45◦

Reference Electrode 2.0 mm 2.0 mm 2.0 mm 2.0 mm 45◦

Figure 13: Sealed microfluidic system design and dimensions. The channels in the fluidic
system are labeled based on their purpose.

3.2 Sealed microfluidics for oxygen control
The purpose was to design a microfluidic system that both kept the cells alive during the
duration of measurements and to enable the induction of acute hypoxia. To mimic the
environment naturally surrounding PASMCs the microfluidic system had to be continually
flushed with biological buffer that contained the necessary balance of chemical components.
Tyrode’s solution is a buffer that is designed to have similar chemical properties as that
of extracellular solution. Gassing the Tyrode’s solution with either 1% O2, 5.3% CO2,
and 83.7% N2 acquires a hypoxic solution or 21% O2, 5.3% CO2, and 73.7% N2 results in
a normoxic solution. By continually perfusing PASMCs with normoxic Tyrode’s solution,
then performing a rapid shift to the hypoxic counterpart, acute hypoxia can be induced in
PASMCs. The chemical composition of Tyrode’s solution can be seen in Table 1. However,
a chamber that contains both PASMCs and a hypoxic solution must be sealed to ensure
that the hypoxic state persists.

The solution was a sealed microfluidic system, with channels for inlet and outlet of
the perfused solution, respectively. The microfluidic system was designed to be inserted
into a commercial petri dish with a glass bottom (35/10 mm, Greiner Bio-One). Having
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Table 1: Chemical composition of Tyrode’s Solution (7.4pH).

Substance Mass Concentration (g/L) Molar Concentration (mM)

NaCl 7.4 126.7
KCl 0.4 5.4

CaCl2 0.2 1.8
MgCl2 0.1 1.04

NaH2PO4 0.05 0.42
NaHCO3 1.8 22

C6H12O6 (Glucose) 1.8 10

a glass bottom on the sealed system allows for optical probing from below, which is ideal
for a back-scattering Raman microscopy setup. The system was also designed to include
a set of channels for insertion of an optical oxygen sensor, a pipette, and an electrode,
both of the latter to allow patch clamp measurements. Figure 13 contains an image with
a full schematic of the final microfluidic system.

Capillary forces increase inside the microfluidic system due to differences in internal
pressure. As a consequence the fluid levels can rise inside the channels. To investigate the
fluid buildup into the patch pipette channel and to visualize the flow inside the fluidic
system simulations were performed, the results of these simulations are shown in Figure
14 and described in Paper C.
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Figure 14: (a) Visualization of simulated flow inside the sealed microfluidic system based on
simulations. (b) Visualization of simulated fluid buildup, in the Patch Pipette
channel, for 20◦ C water in the chamber and 25◦ C air in the channel.

3.3 Raman response in PASMCs during acute hypoxia
This section outlines the results from Paper B, in which the design (as described in the
previous section) of a sealed microfluidic system was tested with respect to capability
of producing acute hypoxia in PASMCs and whether the biochemical response could be
measured using Raman spectroscopy.

3.3.1 Methods

The sealed microfluidic system was setup to contain cultivated PASMCs. The perfusion
system was setup to perform a shift from normoxic (21%O2) Tyrode’s solution to either
hypoxic solution (4%O2), hydrogen peroxide (H2O2) or a different container with normoxic
solution (control). Measurements were conducted upon PASMCs with Raman spectroscopy,
in five different stages of exposure. First - normoxia, secondly – the transition from
normoxia, thirdly - in a steady state following the transition, fourthly – the transition back
to normoxia, and finally – in recovery. The oxygen content was continually monitored
during the entire period. Each Raman measurement lasted for 2min, during which the
PASMCs were exposed to 0.6 mW from a green laser. Figure 15 shows the experimental
setup used, where the sealed microfluidic system mounted in a Raman microscope. As
an additional control, the sealed microfluidic system was removed, which resulted in an
open perfusion system with exposure of ambient oxygen levels. In the open system the
cultivated PASMCs were perfused in the petri dish. Note that the experimental procedure,
including sample sizes are tabulated in Figure 15.
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Label Component Notes
1 Microfluidic system Inhouse design or open perfusion system
2 Microscope objective Plan Apo VC 60×, Nikon
3 Dichroic optics 532 RazorEdge Dichroic & 532 EdgeBasic, Semrock
- Raman laser 532nm, DPSS, Altechna
- Optical fiber PN:SR-OPT-8002, LEONI Fiber Optics
- Spectrometer Shamrock 303i, Andor Technology
- Oxygen sensor FireStingO2, Pyroscience
- Perfusion system VC3-8xG, Ala Scientific Instruments

Figure 15: Experimental setup for testing the design of a sealed microfluidic system during
measurements of the response in the Raman spectrum of PASMCs for different
oxygen states (normoxic, hypoxic, H2O2).
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Cosmic rays were detected using the second derivative [13], and inpainted using a locally
fitted Chebyshev polynomial of order 3 and length 41, using a Savitzky-Golay filtering
scheme. Data that belonged to the same set of measurements were averaged i.e. the same
microfluidic system, temporal space and buffer flushed through the microfluidic system.
A common minimum baseline for each time series was found with msbackadj (R2018a,
Mathworks), with a segment length and step size of 25 pixels, respectively. Smoothing
was done by piecewise fitting of Chebyshev polynomials, order = 3 and segment length
= 25 (the initial fitting had a segment length of 50 pixels, but the outer values were
used as padding and ignored in the final reconstruction). The resulting spectrum was
normalized using the L2-norm to allow direct comparisons between measurements.

3.3.2 Results & Discussion

The sealed microfluidic system was able to perform a swift shift from normoxia to hypoxia,
and thereby introducing an acute hypoxic response in the PASMCs that was residing
in the chamber. The open perfusion system could not maintain hypoxia, due to the
absorption of ambient oxygen. The effect on the PASMCs were monitored with Raman
spectroscopy, where the mean spectrum during the various stages of the experiment can
be seen in Figure 16 along with a measured oxygen curve for the open and closed system,
respectively. The results from Raman measurements proved difficult to analyze. (Each
spectrum is color coded to visualize the period of acquisition.) Some fluctuations are to
be expected when dealing with living cells, but due to the amplitude of the variations
that remains in the processed data, analysis becomes unreliable, and the concentration
of mitochondrial biomarkers (cytochrome c and NADH) are difficult to determine with
precision. The spectra in the sealed microfluidic system exhibit larger variations due to
the transition to both hypoxic Tyrode’s solution and H2O2 compared to the results seen
in control or any of the measurements done in the open system. These changes are best
seen at the edges of the spectral series, where the entire spectrum appear to lose intensity
at higher wavenumbers while they are increased for lower wavenumbers. p-values were
computed for regions that are known to have peaks related to cytochromes and NADH as
well as myoglobin and FeS, which showed a significant change in many of these regions.
For a more detailed description of the results see Paper B.
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Figure 16: The upper graph shows the measured oxygen content in the sealed microfluidic
sytem and open perfusion system at different stages during measurements with
normoxic and hypoxic buffer solution in the chamber. The lower graphs show
Raman measurements, colored to match the different stages of the experiment that
are matched with the shaded areas in the oxyen concentration measurement.
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3.4 Multimodal measurements on the hypoxic response
of PASMCs

This section outlines the results from Paper C, in which a sealed microfluidic system
(the design is outlined in section 3.2) was used to induce acute hypoxia in PASMCs and a
multimodal measurement approach was employed to monitor the cellular response.

3.4.1 Experimental Setup

The experimental setup was centered around the sealed microfluidic system, and the
sample of PASMCs. The chamber was connected to a perfusion system that enabled
seamless shifts between normoxic and hypoxic solution to the sample. At the inlet an
optical oxygen sensor logged the oxygen content during measurements. The patch pipette
was inserted through a channel, which was sealed from contamination with a rubber
glove. The chamber was simultaneously illuminated with a red LED for imaging and a
532 nm laser for Raman scattering. The image and Raman scattering were collected with
a microscope objective but separated with dichroic optics, before measuring with a digital
camera and a spectrometer. See Figure 17 for a schematic of the home-built setup.

During experiments the perfusion system constantly flooded the sealed microfluidic
system with Tyrode’s solution. Measurements were performed in a series, while changing
the oxygen content that was delivered to the PASMCs from normoxic, to hypoxic and
finally recovery (normoxia). During the transition the oxygen and the membrane potential
of the calcium ion channels were logged. Images were recorded during the shifts, with a
framerate of 1.5 image per second for 50s following the change of Tyrode’s solution. A
Raman spectrum was acquired when the oxygen measurement indicated that a steady
state had been reached; for this 3 observations with exposure time 30s each were averaged.
A visualization of the measurement procedure can be seen in Figure 15.

3.4.2 Signal processing & analysis methods

The images of PASMCs were analyzed using image correlation to estimate the motion
between frames. By subdividing a pair of images into image patches and computing the
correlation between patches the motion of objects can be estimated [36]. Image patches
of 256× 256 pixels was used for the estimation of displacement. A high pass filter was
used to remove insignificant deformation, and the optical flow magnitude was masked to
ignore objects that introduced errors. An average of displacement of PASMCs could then
be estimated.

Raman spectra were analyzed through computing a difference spectrum for the
consecutive stages of the experiment. Since we performed three (3) Raman measurements
for each stage (normoxic/hypoxic/recovery), it was possible to up-sample each set to
nine (9) by computing the cross-difference. The signal was smoothed using a Savitzky-
Golay filter [16]. Due to the difficulty in choosing the best set of filter parameters, a
weighted average of all possible outcomes up to a maximum polynomial order of 5 and
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Figure 17: Experimental setup centered around the sealed microfluidic system. The sample of
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(a) (b)

30 µm

Figure 18: Visualization of deformation of PASMCs. (a) Bright field image of PASMCs sample
at the beginning of the measurement (normoxic). (b) Optic flow magnitude, high
intensities (white) indicate areas of larger displacement.

segment length of 15 was applied. The weighting for each iteration was acquired from
correlating with randomly chosen linear combinations of biomarker spectra, using a monte-
carlo scheme that iterated with different reference signals and filter parameters until
convergence (the approach was mentioned in section 2.5.2 and a Matlab implementation is
included in Paper C). Biomarker spectra from NADH/NAD+ and cytochrome c (Fe2+/
Fe3+) was acquired by reconstructions from literature. The NADH/NAD+ spectrum was
reconstructed from a measurement done with excitation wavelength of 515 nm [37], and
the cytochrome c spectra were reconstructed from measurements with 413 nm [38].

For post-processing of the Raman data, the biomarker spectra were least square fitted
to the difference spectra, such that the sign of the changes for each biomarker could
be determined. Prior to the fitting, the peak intensities of the biomarker spectra were
optimized with the simplex search algorithm [39]. The excitation wavelength in the
original measurements from which the biomarker spectra were reconstructed was different
from the 532 nm laser, which was used in this experiment, such that resonance frequencies
are likely to be different. Therefore, adjustments of peak intensities were motivated.

3.4.3 Results & discussion

The PASMCs responded to hypoxia by deforming, which is visualized in Figure 18. Figure
18(a) shows a frame of a sample of PASMCs in a normoxic state. Figure 18(b) shows the
magnitude of the optical flow, where higher intensities, shown as white, correspond to
areas of larger change. Notice the patch pipette in the upper left corner of the frame, that



37

Contraction [µm]

Membrane potential [mV] Oxygen [%]

Time [s]

Normoxic Hypoxic Recovery

Figure 19: Overlapping graphs of oxygen sensing, displacement and membrane potential from
a sample of PASMCs. The different measured quantities are recognized by the color
of the axis.

forms a seal with the membrane of one of the cells in the sample. There is considerable
motion from the pipette tip during measurements, displacement from such objects were
manually removed such that only the deformation of the PASMCs due to HPV were
considered.

Figure 19 shows the displacement and membrane potential in PASMCs, as a response
to changes in oxygen concentration, during one of the measurement cycles. The hypoxia-
induced membrane depolarization that was observed to respond immediately upon a change
in oxygen content using the Patch-Clamp, is in accordance with findings from several
laboratories reporting a hypoxia-induced inhibition of voltage-gated K+ channels [40, 41].
In addition, the displacement due to HPV was triggered following the exposure of the
hypoxia. While the constriction was initiated quickly upon a reduction of oxygen, there
was a delayed response in the recovery to the relaxed state.

The Raman measurements are shown in Figure 20, as processed average difference
spectra. The signals are plotted onto a shaded area defined by its standard deviation. The
first noticeable thing is that there appears to be a symmetry between the spectra. Some
regions of the spectrum that gain intensity due to the hypoxic response also lose intensity
in Recovery. Certain Raman bands of NADH/NAD+ and cytochrome c, can be assigned
to observed changes in the spectrum. The most dominant bands of these biomarker
molecules are the most likely to be observed. Ferrous cytochrome c’s most prominent
vibrational mode is the pyrrole breathing mode that can be seen at 752 cm−1 [38], which
indicates an increase of cytochrome c(Fe2+) where the cells were exposed to hypoxia and
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a decrease in recovery. NADH appears to follow the same trend as ferrous cytochrome
c, which is indicated by the 1688 cm−1 Raman stretching mode of the carboxamide
group [37]. The reversed behavior – decreased concentration due to hypoxia and increased
in recovery – can be attributed to NAD+ and cytochrome c(Fe3+). This behavior is shown
by the intense Raman band of 1035 cm−1 assigned to an aromatic ring breathing mode of
oxidized nicotinamide in the NAD+ spectrum and a series of vibrational modes for ferric
cytochrome c [37,38]. The most prominent Raman bands of ferric cytochrome c overlap
with those of ferrous cytochrome c, which makes them ambiguous to use as an indicator
of the oxidation state, it is however possible to assign the pyrrole folding mode at 569
cm−1 [38], and the spin-state markers at 1582 cm−1 and 1636 cm−1 [38], to peaks in the
difference spectrum.

A linear combination of the adjusted biomarker spectra can be used to explain a
large percentage of the respective difference spectra. By least squares fitting the result
is correlated to 69% (p < 10−80) for the transition to hypoxia and 78% (p < 10−120) for
recovery. The normalized coefficients for the linear combination were,

Shypoxic − SNormoxic ≈ 0.16SNADH − 0.37SNAD + 0.69SCytc(Fe2+) − 0.60SCytc(Fe3+), (3.4)

Shypoxic − SNormoxic ≈ −0.56SNADH + 0.57SNAD − 0.44SCytc(Fe2+) + 0.42SCytc(Fe3+), (3.5)

where S is the Raman signal for the respective states or biomarkers. The important thing
to notice is that the sign of the least square fitting shows that the concentration of NADH
and ferrous cytochrome c increase as the PASMCs are exposed to oxygen deprivation,
while the amount of NAD and ferric cytochrome c decrease. The opposite behavior is
observed as the hypoxic state is reversed and the cell is returned to a normoxic state. The
biomarker spectra are shown in Figure 21, note that the biomarker peaks are color coded
to match the difference spectra in Figure 20. See Paper C for additional information on
this setup and results.
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Chapter 4

Features in Inelastic Scattering
from Brain Tumors

4.1 Multimodal Guidance in Neurosurgery
Cells that grow uncontrollably and spread through the body are known as cancer. The
abnormal cell growth accumulates into tumors that can cause numerous complications
depending on where they are in the body. Tumors have a greedy metabolism and can
consume much of the nutrients needed for other parts of the body. As the body tries
to fight off a tumor it may cause large-scale inflammation, which in turn can promote
additional tumor growth. Tumors can grow through organ walls and cause rupturing. The
tumors grow to such sizes that they begin to cause pressure onto biological structures in
their vicinity, which hinder them to function normally. A tumor that grows in the brain
will eventually cause herniation of the brain stem that can cut off the blood supply to the
brain. Current research in neurosurgery involves improved methods for resection, removing
the tumor as illustrated in Figure 22, where the aim is to remove all the cancerous tissue
without damaging the healthy brain.

Computer tomography (CT) is often the first imaging technique used for investigating
patient that present signs of a brain tumor [42]. The purpose of CT is mainly to
detect hemorrhage, herniation, and hydrocephalus, but mass effects and calcification in
brain tumors can potentially be detected [42]. The primary modality for brain tumor
visualization is, however, not CT. It is a technique called magnetic resonance imaging
(MRI), where strong magnetic fields are used to generate images of organs in the body.
Structural MRI is used for initial tumor evaluation, including determination of the exact
position, and evaluation of the mass effect on the brain [42, 43]. Brain tumor imaging
contributes to improved preoperative diagnosis, tumor grading, and assessing treatment
response [42]. In addition to imaging, visualization of the tumor marginal zone is crucial
for improvements in survivability and quality of life post-surgery [44]. Fluorescence guided
resection (FGR) is a technique that utilizes the fluorescence from metabolized molecules
to visualize the tumor during surgery. Without FGR it can be difficult see the tumor with
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Figure 22: Illustration of brain tumor resection.

the human eye as the malign tissue can be close to indistinguishable from healthy tissue,
which means that the surgeon must rely on tactile sensation to find the marginal zone
of the tumor. With the help of FGR more precise resection of brain tumors is obtained,
that has led to improved conditions for oncological therapies and survivability [44, 45].
To enable FGR, a precursor molecule is given to the patient, such as 5-aminolevulinic
acid (5-ALA), that induces the production of protoporphyrin as it is metabolized [44, 46].
The protoporphyrin can fluoresce when irradiated with 405nm (blue) illumination, which
enables the visualization of the tumor marginal zone [44,46]. However, there appears to
be reduced sensitivity of 5-ALA induced FGR for patients with low-grade tumors [46] and
prepubescent children [47]. Therefore, it is crucial that alternative precursor molecules
are found or that other techniques can be incorporated in the toolbox of neurosurgeons.

Raman spectroscopy has been demonstrated as a viable method for cancer detection
without the added fluorescent molecules required for FGR [48–52]. Coherent Raman
techniques are being used more frequently for rapid histology of biopsies [53–56]. It has
long been postulated that Raman spectroscopy systems can be incorporated into the
practices, especially for cancer detection, but it remains unrealized to this day both as a
tool for histology directly in the operating room or for in vivo cancer detection – which is
the more desirable outcome. With modern hand-held probe systems, Raman spectroscopy
appears to be more feasible for in vivo classification of cancerous tissue [57–59]. For
a Raman probe system to be useful for surgeons it must be both fast and accurate –
classifications of a tissue must be achieved from a single measurement with short exposure
time and with a reliable result.
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4.2 Raman features from brain tissue as a result of
preprocessing

This section contains content included in Paper D

4.2.1 Introduction

A neurosurgeon equipped with a hand-held Raman probe system would be able to
utilize the properties of inelastic scattering from tissue to assist in the decision making
for improved tumor resection. For a Raman probe system to be motivated it requires
a sophisticated classifier for automatic interpretation of Raman spectra. There exist
examples of classifiers, based on artificial neural networks, trained to make predictions
from spectra without extensive preprocessing [60]. However, it is difficult to acquire a
large number of measurements with perfect labeling, which makes such methods difficult
to apply. A good, not perfect, discriminant classifier that divides training data into
subsets with varying features, can be trained to make predictions upon biological data
from around one hundred independent samples [61]. A classifier based on discriminant
analysis, is expected be able to acquire different results depending on the preprocessing.
Preprocessing was discussed in section 2.3. The choice of preprocessing technique can be
difficult, as there is no standard.

In Paper D, different preprocessing techniques were evaluated based on their ability
to find features in data from fresh brain tissue samples. Preprocessing techniques that were
employed were, baseline reduction with polynomial, iterative polynomial (Vancouver) [15],
msbackadj (matlab 2021a, mathworks, US), rollingball [62] and the second derivative.
The baseline correction was combined with a Savitzky-Golay filter [16, 17]. In addition, a
neural network trained on synthetic data (similar to the one in Paper A) was included.
Data exploration was conducted on the preprocessed data using principal component
analysis (PCA) [63], and t-distributed stochastic neighbor embedding (tSNE) [22]. The
data was clustered using k-means [64], where GAP-statistics was used to estimate the
number of clusters [65]. The preprocessing was repeated from a range of parameter choices,
where the variables that resulted in the largest elbow value in the GAP-statistics was
kept for visualization of the distribution of the preprocessed Raman spectra.

4.2.2 Experimental setup & procedure

A Raman microscope setup, as illustrated in Figure 23, was installed onto a cart that
could be rolled into the Department of Neurosurgery at Linköping University Hospital.
The Raman microscope was used to acquire spectra from freshly resected tissue samples
with suspected tumor. Measurements were conducted in series of three (3) measurements,
in random position across the surface of the samples.

Following the Raman measurements, the samples were immediately placed in formalin
and sent for neuropathological analysis for labeling. The neuropathology included hema-
toxylin and eosin staining, and slicing. Hematoxylin and eosin (HE) staining is commonly



44

Laser 532nm

Microscope
objective

Brain Tissue
Sample

Raman scattering

40×

Experimental Procedure:

Resection

Raman Spectroscopy

Neuropathology

Preprocessing

PCA

Clustering

Evaluation

1

2

Label Component Notes
1 Microscope objective LUCPlanFLN 40×, Olympus
2 Dichroic optics 532 RazorEdge Dichroic & 532 EdgeBasic, Semrock
- Raman laser 532nm, DPSS, Altechna
- Optical fiber PN:SR-OPT-8002, LEONI Fiber Optics
- Spectrometer Shamrock 303i, Andor Technology

Figure 23: Experimental setup and procedure used for measurements and analysis of fresh
brain tissue samples.
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used by pathologists, where Hematoxylin stains the nuclei of the cells and eosin stains
the extracellular matrix (biological structure that surrounds cells) and cytoplasm (all the
material inside cells, except the nucleus) [66]. HE makes it possible for the pathologist to
differentiate between structures and apply their knowledge to recognize cancerous tissue.
In addition to HE staining, molecular markers were applied to conclude patient diagnosis,
when it was deemed relevant by the pathologist.

In parallel with the neuropathological analysis, spectra were prepared for numerical
investigations. This section will focus mainly on the results from preprocessing with the
neural network, while the results from the other selected methods can be found in Paper
D. Prior to extracting the Raman signal with the neural network, the three independent
measurements in each point were reduced to a single spectrum by computing the median,
which eliminated cosmic rays. After preprocessing, the principal components from all
measurements were computed and visualized through tSNE (see section 2.5.3). Clusters
in the resulting two-dimensional tSNE space were found through the elbow method and
GAP-statistics [65].

A flowchart of the experimental procedure is included in Figure 23.

4.2.3 Results

The neural network was able to preprocess data from brain tissue samples, that had a
strong fluorescent signature. The preprocessing of the neural network is exemplified in
Figure 24. The neural network was able to remove the fluorescent baseline and recreate a
spectrum with distinctive Raman peaks. In Paper A, the results were compared to those
of clearly defined peaks and was able to find high quality results, in it this case it was
unclear whether the recreated Raman signal was correct. For an indicative evaluation,
the spectra were verified to contain relevant peaks for biological structures by referring to
the publications from Raman studies on brain tissue. In all three spectra, there are for
example peaks at 1608 cm−1 and 1673 cm−1 that can be assigned to C2 stretching modes in
proteins [20]. In addition to analyzing the peak positions for biological relevance, they were
compared with the other preprocessing methods for additional feasibility comparisons.

Figure 25 shows the results from clustering the entire data set of preprocessed spectra.
Figure 25 includes a table with the sample size and the neuropathological labeling with
color coding used for the visualization of the principal components. The elbow method
resulted in eight (8) clusters for the measurement set. The clusters have been labeled with
numbers, where the mean spectrum of the respective clusters have been plotted. The first
cluster (1), contain features that can be associated with proteins and lipids. Vibrational
modes at 1312 cm−1 and 1467 cm−1 can be assigned to lipids [67]. Carbon stretching
modes of proteins can be assigned to the peak at 1147 [27]. The peaks at 1560 cm−1,
1645 cm−1 and 1673 cm−1 can be assigned to amide I and amide II, respectively [67].
1617 cm−1 can be assigned to C2 stretch in proteins [68]. Many of the measurements
in the first cluster were from measurements that were neuropathologically determined
to contain no cancers cells. The second cluster (2), has a spectral mean with relatively
weak peaks when compared with the other clusters. There are peaks at 1143 cm−1,
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trained solely on synthetic spectra.



47

Glioma 5, 13, 189
Astrocytoma 2, 4, 54
Oligodendroglioma 1, 4, 51
Glioblastoma 3, 5, 84

Meningioma 4, 9, 121
Grade 1 2, 4, 99
Atypical, grade 2 1, 2, 22

Tumor of the sellar region 2, 3, 17
Pituitary adenoma 1, 2, 12
Pituitary granular 1, 1, 5

Metastasis 3, 4, 76
Epithelial tumor 1, 1, 26
Breast cancer 1, 2, 22
Malign. melanoma 1, 1, 28

No tumor 4, 5, 76

Background -, -, (24)

16, 34, 483total =

500 750 1000 1250 1500 1750

1

2

3

4

5

6

7

8

1

2

3

4

5

6
7

8

patients
samples measurements

Raman spectra - cluster average

Principal Components

tSNE - dimension 1

tS
N

E
-

d
im

en
si

on
2
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logical labeling and the mean spectral signature derived from each cluster.
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1300 cm−1, 1426 cm−1, 1460 cm−1, 1551 cm−1, 1587 cm−1 that can be associated with
protein and lipid vibrational modes [67]. Cross-validation using the results from other
preprocessing methods, shows that this cluster was strongly correlated with spectra that
in turn were correlated with the first cluster. The second cluster was made from a mixture
of measurements with neuropathological labels glioma, metastasis, tumor in the sellar
region and no tumor. The third cluster (3), have peaks at 960 cm−1, 995 cm−1, 1287 cm−1,
1460 cm−1 that can be assigned to collagen, glucose, amide II and lipids, respectively [67].
The peak at 1514 cm-1 can be assigned to a C2 stretching mode [20]. The third cluster
were made of spectra from samples with similar neuropathological labels as the previous
cluster. The fourth cluster (4), have prominent carotenoid peaks at 1001 cm−1, 1155
cm−1 and 1511 cm−1 [69]. It also contains some features, although weak, which can be
recognized as features related to proteins and lipids, such as 1585 cm−1 and 1663 cm−1,
from amide II and amide I [67], respectively. The fourth cluster had a similar distribution
of neuropathological labels as clusters three and four, however the data was more skewed
towards a higher density of glioma samples. The fifth cluster (5), is similar to the previous
cluster in that it contains a carotenoid signature, but the signal is so strong that the
spectral mean is completely devoid of any other recognizable features. The fifth cluster
was built from mostly meningioma and metastasis samples. The sixth cluster (6), has
a spectral mean that resembles neuroglobin with peaks at 752 cm−1, 1301 cm−1, 1357
cm−1, 1510 cm−1 and 1604 cm−1 [70]. The spectrum also contains the three carotenoid
peaks at 1001 cm−1, 1155 cm−1 and 1511 cm−1 [69]. This cluster had a high density of
meningioma samples, but also some measurements with the glioma label. The seventh
cluster (7), shows a hemoglobin signature identified by peaks at 853 cm−1,1171 cm−1,
1373 cm−1, 1553 cm−1, 1587 cm−1 and 1638 cm−1 [71]. The seventh cluster was built
from samples with all neuropathological labels, which is of no surprise as hemoglobin is a
protein in blood that exist in all tissue. The eight (8) and final cluster, has a spectral
mean from that of the background measured from the glass microscope slide.

Regarding the neuropathology, there was a group imbalance, with more samples
labeled as glioma or meningioma than the rest combined. The neuropathological analysis
revealed that the tissue samples were often inhomogeneous, where the labels are given
by the most severe cancer form detected, even if there are regions in the sample that
can be completely devoid of cancer cells. An important note is that the no tumor group
was not taken from actual healthy tissue, and should not be considered healthy tissue, it
was resected at the tumor boundary zone and only recognized to contain no cancer cells
through neuropathology.

The features found in the clusters from preprocessing with the neural network was
not always consistent when looking at the same data after different preparations. In
Paper D it is shown that the number of clusters and spectral features depend upon
preprocessing method, which emphasizes the importance to communicate the details of
the preprocessing with rigor and precision. A matlab script used to train the neural
network, was therefore included in the supplementary information of Paper D.

The results shown in this study serves as additional proof of concept for the idea of
applying a neural network trained from synthetic spectra to preprocess Raman spectra.



Chapter 5

Conclusions and Future Outlook

Raman spectroscopy has been discussed as a universal method to gain insight into the
chemistry of living things. A reoccurring topic of this thesis has been preprocessing of
Raman spectra, where the goal was to prepare data for direct comparisons with other
measurements. It has been shown that an artificial neural network, trained on synthetic
data, can perform high quality preprocessing of Raman spectra (Paper A). To gain
the most out of Raman spectroscopy, and other metrology, a combination of methods
should be applied. It has been shown that Raman spectroscopy could detect changes
in the chemical composition of pulmonary arterial smooth muscle cells (PASMCs), as a
function of the surrounding oxygen content (Paper B). However, by combining Raman
spectroscopy with patch clamp and imaging, the changes in the Raman spectrum could
be connected to the mechanics of vasomotion or the dynamics of ion channels (Paper
C). Raman spectroscopy has been discussed as a tool for detection of the tumor marginal
zone during surgery. Modalities for tumor imaging is used to guide the surgeon to the
location of the tumor. Current research into hand-held Raman probe systems is therefore
intended to assist surgeons for estimation of the tumor boundary for improved resection.
It is notable that there is no standard for preprocessing of Raman spectra in tissue studies.
This is unfortunate since the features in Raman spectra from brain tissue samples have
been shown to depend upon the preprocessing (Paper D).

Raman analysis have evolved alongside the advancement of measurement setups,
computers, and an ever-increasing availability of data. Currently there is a pull towards
multivariate methods and big data solutions, but there are still many experiments where it
can be difficult to get large amount of data, which enforces the need for better preprocessing
and analysis techniques for singular measurements. Both big data applications and small
scale studies that apply Raman spectroscopy demand high quality preprocessing techniques.
An artificial neural network has the potential to become a standard in spectroscopic
preprocessing, but there are many questions that needs to be resolved. The design of
the architecture in Paper A was chosen to fulfill the proof-of-concept, but it remains an
open question what the optimal design of the network should be. The proposed scheme
for training a neural network for preprocessing on synthetic data is not robust to spectral
features that is more complex than the training data, there are two natural follow up
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questions to that problem: Can the neural network become more robust to solutions that
is outside the domain of the training data and whether it is possible to derive a criterion
for the uncertainty in the output.

Studies of single living cells, similar to the studies conducted on PASMCs in Paper
B and Paper C, have one major problem – that of insufficient temporal resolution. The
Raman signal is often weak, which requires long exposure times. Having cells exposed to
prolonged periods of illumination may in turn affect the results through phototoxicity
and damage. This is a problem that might be possible to solve partly using sophisticated
software, such as an artificial neural network that can extract a Raman signal from data
that other methods might not be able to find, but there is also a need for better hardware
solutions. Ultrafast pulsed lasers are becoming more available, which in turn means that
coherent Raman spectroscopy is becoming more available. Broadband stimulated Raman
spectroscopy enable the possibility to acquire spectra at a temporal resolution in the
femtosecond range [72–74]. In Paper B and Paper C, the experiments were set up to
perform series with five and three measurements, respectively. If the setup in Paper
C was updated to incorporate stimulated Raman spectroscopy, it would be feasible to
have Raman spectra at a similar temporal resolution as oxygen sensing, patch clamp and
imaging. Stimulated Raman spectroscopy could thereby further enhance the possibility of
detecting threshold levels where the biochemistry of the cells would begin to change.

It is becoming feasible for a Raman probe system to become part of the toolbox
of surgeons. However, for a hand-held Raman probe system to be useful it must be
connected to reliable classification software. Classification software is typically built from
labeled data, which is often difficult to come by. In this thesis the problem of designing
a classifier to help neurosurgeons to recognize the marginal zone of brain tumors was
addressed. Ethical restrictions put on the study in Paper D makes it impossible to
measure on healthy tissue, as it should under no circumstances be purposefully removed.
If it does not pose any added risk for the patient, it would be feasible to incorporate a
Raman probe system in the operating room for the sole purpose of gathering data during
surgery. The surgeon would then be able to measure different structures in the brain
and label it directly, as they are delving towards the estimated position of the cancerous
growth. Over time a large database of in vivo measurements with varying spectral features
would become available for training of a robust classifier. The drawback of this approach
would be that the labeling cannot be confirmed by a pathologist. However, before any
such ventures can be employed extensive studies should be performed to ensure that
the hand-held probe system does not cause any damage to the healthy brain during
measurements.







References

[1] K. Roberts, B. Alberts, A. Johnson, P. Walter, and T. Hunt, “Molecular biology of
the cell,” New York: Garland Science, vol. 32, no. 2, 2002.

[2] E. L. Opie, “On the relation of chronic interstitial pancreatitis to the islands of
langerhans and to diabetes melutus,” The Journal of experimental medicine, vol. 5,
no. 4, p. 397, 1901.

[3] The Nobel Prize in Physiology or Medicine 1923. Nobel Prize Outreach AB 2021.
https://www.nobelprize.org/prizes/medicine/1923/summary/.

[4] M. Bliss, “The history of insulin,” Diabetes care, vol. 16, no. Supplement 3, pp. 4–7,
1993.

[5] C. V. Raman and K. S. Krishnan, “A new type of secondary radiation,” Nature,
vol. 121, no. 3048, p. 501, 1928.

[6] S. Mukamel, Principles of nonlinear optical spectroscopy, vol. 29. Oxford university
press New York, 1995.

[7] A. Smekal, “Zur quantentheorie der dispersion,” Naturwissenschaften, vol. 11, no. 43,
pp. 873–875, 1923.

[8] H. A. Kramers and W. Heisenberg, “Über die streuung von strahlung durch atome,”
Zeitschrift für Physik A Hadrons and Nuclei, vol. 31, no. 1, pp. 681–708, 1925.

[9] F. A. Cotton, Chemical applications of group theory. John Wiley & Sons, 2003.

[10] M. Czerny and A. Turner, “Über den astigmatismus bei spiegelspektrometern,”
Zeitschrift für Physik, vol. 61, no. 11-12, pp. 792–797, 1930.

[11] Spectrometer Design Guide. Ibsen Photonics, 2019. https://ibsen.com/
technology/spectrometer-design-guide/.

[12] M. Born and E. Wolf, Principles of optics: electromagnetic theory of propagation,
interference and diffraction of light. Elsevier, 2013.

53

https://www.nobelprize.org/prizes/medicine/1923/summary/
https://ibsen.com/technology/spectrometer-design-guide/
https://ibsen.com/technology/spectrometer-design-guide/


54

[13] H. G. Schulze and R. F. Turner, “A two-dimensionally coincident second difference
cosmic ray spike removal method for the fully automated processing of raman spectra,”
Applied spectroscopy, vol. 68, no. 2, pp. 185–191, 2014.

[14] C. A. Lieber and A. Mahadevan-Jansen, “Automated method for subtraction of
fluorescence from biological raman spectra,” Applied spectroscopy, vol. 57, no. 11,
pp. 1363–1367, 2003.

[15] J. Zhao, H. Lui, D. I. McLean, and H. Zeng, “Automated autofluorescence background
subtraction algorithm for biomedical raman spectroscopy,” Applied spectroscopy,
vol. 61, no. 11, pp. 1225–1232, 2007.

[16] A. Savitzky and M. J. Golay, “Smoothing and differentiation of data by simplified
least squares procedures.,” Analytical chemistry, vol. 36, no. 8, pp. 1627–1639, 1964.

[17] A. Savitzky, “A historic collaboration,” Analytical chemistry, vol. 61, no. 15, pp. 921A–
923A, 1989.

[18] P. H. Eilers, “A perfect smoother,” Analytical chemistry, vol. 75, no. 14, pp. 3631–3636,
2003.

[19] P. H. Eilers and H. F. Boelens, “Baseline correction with asymmetric least squares
smoothing,” Leiden University Medical Centre Report, vol. 1, no. 1, p. 5, 2005.

[20] A. C. S. Talari, Z. Movasaghi, S. Rehman, and I. U. Rehman, “Raman spectroscopy
of biological tissues,” Applied spectroscopy reviews, vol. 50, no. 1, pp. 46–111, 2015.

[21] Y. C. Pati, R. Rezaiifar, and P. S. Krishnaprasad, “Orthogonal matching pursuit:
Recursive function approximation with applications to wavelet decomposition,” in
Proceedings of 27th Asilomar conference on signals, systems and computers, pp. 40–44,
IEEE, 1993.

[22] G. Hinton and S. T. Roweis, “Stochastic neighbor embedding,” in NIPS, vol. 15,
pp. 833–840, Citeseer, 2002.

[23] V. V. McLaughlin, S. J. Shah, R. Souza, and M. Humbert, “Management of pulmonary
arterial hypertension,” Journal of the American College of Cardiology, vol. 65, no. 18,
pp. 1976–1997, 2015.

[24] L. J. Rubin, “Introduction: diagnosis and management of pulmonary arterial hy-
pertension: Accp evidence-based clinical practice guidelines,” Chest, vol. 126, no. 1,
pp. 7S–10S, 2004.

[25] G. Simonneau, D. Montani, D. S. Celermajer, C. P. Denton, M. A. Gatzoulis,
M. Krowka, P. G. Williams, and R. Souza, “Haemodynamic definitions and updated
clinical classification of pulmonary hypertension,” European Respiratory Journal,
vol. 53, no. 1, 2019.



55

[26] J. F. Malouf, M. Enriquez-Sarano, P. A. Pellikka, J. K. Oh, K. R. Bailey, K. Chan-
drasekaran, C. J. Mullany, and A. J. Tajik, “Severe pulmonary hypertension in
patients with severe aortic valve stenosis: clinical profile and prognostic implications,”
Journal of the American College of Cardiology, vol. 40, no. 4, pp. 789–795, 2002.

[27] P. F. Fedullo, W. R. Auger, K. M. Kerr, and L. J. Rubin, “Chronic thromboembolic
pulmonary hypertension,” New England Journal of Medicine, vol. 345, no. 20, pp. 1465–
1472, 2001.

[28] H. J. Bogaard, K. Abe, A. V. Noordegraaf, and N. F. Voelkel, “The right ventricle
under pressure: cellular and molecular mechanisms of right-heart failure in pulmonary
hypertension,” Chest, vol. 135, no. 3, pp. 794–804, 2009.

[29] C. Schannwell, S. Steiner, B. Strauer, et al., “Diagnostics in pulmonary hypertension,”
Journal of physiology and pharmacology, vol. 58, no. 5, pp. 591–602, 2007.

[30] A. Chaouat, R. Naeije, and E. Weitzenblum, “Pulmonary hypertension in copd,”
European Respiratory Journal, vol. 32, no. 5, pp. 1371–1385, 2008.

[31] K. A. Smith and P. T. Schumacker, “Sensors and signals: the role of reactive oxygen
species in hypoxic pulmonary vasoconstriction,” The Journal of physiology, vol. 597,
no. 4, pp. 1033–1043, 2019.

[32] B. Alberts, D. Bray, K. Hopkin, A. D. Johnson, J. Lewis, M. Raff, K. Roberts, and
P. Walter, Essential cell biology. Garland Science, 2015.

[33] N. Weissmann, S. Zeller, R. U. Schafer, C. Turowski, M. Ay, K. Quanz, H. A. Ghofrani,
R. T. Schermuly, L. Fink, W. Seeger, et al., “Impact of mitochondria and nadph
oxidases on acute and sustained hypoxic pulmonary vasoconstriction,” American
journal of respiratory cell and molecular biology, vol. 34, no. 4, pp. 505–513, 2006.

[34] S. L. Archer, H. L. Reeve, E. Michelakis, L. Puttagunta, R. Waite, D. P. Nelson,
M. C. Dinauer, and E. K. Weir, “O2 sensing is preserved in mice lacking the gp91
phox subunit of nadph oxidase,” Proceedings of the National Academy of Sciences,
vol. 96, no. 14, pp. 7944–7949, 1999.

[35] B. Sakmann, Single-channel recording. Springer Science & Business Media, 2013.

[36] M. Sjödahl, “Electronic speckle photography: increased accuracy by nonintegral pixel
shifting,” Applied Optics, vol. 33, no. 28, pp. 6667–6673, 1994.

[37] K. T. Yue, C. L. Martin, D. Chen, P. Nelson, D. L. Sloan, and R. Callender,
“Raman spectroscopy of oxidized and reduced nicotinamide adenine dinucleotides,”
Biochemistry, vol. 25, no. 17, pp. 4941–4947, 1986.

[38] S. Hu, I. K. Morris, J. P. Singh, K. M. Smith, and T. G. Spiro, “Complete assignment
of cytochrome c resonance raman spectra via enzymic reconstitution with isotopically



56

labeled hemes,” Journal of the American chemical society, vol. 115, no. 26, pp. 12446–
12458, 1993.

[39] J. C. Lagarias, J. A. Reeds, M. H. Wright, and P. E. Wright, “Convergence prop-
erties of the nelder–mead simplex method in low dimensions,” SIAM Journal on
optimization, vol. 9, no. 1, pp. 112–147, 1998.

[40] J. Sylvester, L. A. Shimoda, P. I. Aaronson, and J. P. Ward, “Hypoxic pulmonary
vasoconstriction,” Physiological reviews, vol. 92, no. 1, pp. 367–520, 2012.

[41] X.-J. Yuan, “Voltage-gated k+ currents regulate resting membrane potential and
[ca2+] i in pulmonary arterial myocytes,” Circulation research, vol. 77, no. 2, pp. 370–
378, 1995.

[42] M. C. Mabray, R. F. Barajas, and S. Cha, “Modern brain tumor imaging,” Brain
tumor research and treatment, vol. 3, no. 1, pp. 8–23, 2015.

[43] J. E. Villanueva-Meyer, M. C. Mabray, and S. Cha, “Current clinical brain tumor
imaging,” Neurosurgery, vol. 81, no. 3, pp. 397–415, 2017.

[44] J. C. Richter, N. Haj-Hosseini, M. Hallbeck, and K. Wårdell, “Combination of
hand-held probe and microscopy for fluorescence guided surgery in the brain tumor
marginal zone,” Photodiagnosis and photodynamic therapy, vol. 18, pp. 185–192,
2017.

[45] S. Eljamel, “5-ala fluorescence image guided resection of glioblastoma multiforme: a
meta-analysis of the literature,” International journal of molecular sciences, vol. 16,
no. 5, pp. 10443–10456, 2015.

[46] N. Ferraro, E. Barbarite, T. R. Albert, E. Berchmans, A. H. Shah, A. Bregy, M. E.
Ivan, T. Brown, and R. J. Komotar, “The role of 5-aminolevulinic acid in brain tumor
surgery: a systematic review,” Neurosurgical review, vol. 39, no. 4, pp. 545–555, 2016.

[47] T. Beez, S. Sarikaya-Seiwert, H.-J. Steiger, and D. Hänggi, “Fluorescence-guided
surgery with 5-aminolevulinic acid for resection of brain tumors in children—a
technical report,” Acta neurochirurgica, vol. 156, no. 3, pp. 597–604, 2014.

[48] A. Mahadevan-Jansen and R. R. Richards-Kortum, “Raman spectroscopy for the
detection of cancers and precancers,” Journal of biomedical optics, vol. 1, no. 1,
pp. 31–70, 1996.

[49] D. DePaoli, É. Lemoine, K. Ember, M. Parent, M. Prud’homme, L. Cantin, K. Pe-
trecca, F. Leblond, and D. C. Côté, “Rise of raman spectroscopy in neurosurgery: a
review,” Journal of biomedical optics, vol. 25, no. 5, p. 050901, 2020.

[50] Y. Zhou, C.-H. Liu, Y. Sun, Y. Pu, S. Boydston-White, Y. Liu, and R. R. Alfano,
“Human brain cancer studied by resonance raman spectroscopy,” Journal of biomedical
optics, vol. 17, no. 11, p. 116021, 2012.



57

[51] M. Jermyn, J. Desroches, K. Aubertin, K. St-Arnaud, W.-J. Madore, E. De Montigny,
M.-C. Guiot, D. Trudel, B. C. Wilson, K. Petrecca, et al., “A review of raman
spectroscopy advances with an emphasis on clinical translation challenges in oncology,”
Physics in Medicine & Biology, vol. 61, no. 23, p. R370, 2016.

[52] C. Kallaway, L. M. Almond, H. Barr, J. Wood, J. Hutchings, C. Kendall, and
N. Stone, “Advances in the clinical application of raman spectroscopy for cancer
diagnostics,” Photodiagnosis and photodynamic therapy, vol. 10, no. 3, pp. 207–219,
2013.

[53] T. C. Hollon, B. Pandian, A. R. Adapa, E. Urias, A. V. Save, S. S. S. Khalsa, D. G.
Eichberg, R. S. D’Amico, Z. U. Farooq, S. Lewis, et al., “Near real-time intraoperative
brain tumor diagnosis using stimulated raman histology and deep neural networks,”
Nature medicine, vol. 26, no. 1, pp. 52–58, 2020.

[54] D. A. Orringer, B. Pandian, Y. S. Niknafs, T. C. Hollon, J. Boyle, S. Lewis, M. Gar-
rard, S. L. Hervey-Jumper, H. J. Garton, C. O. Maher, et al., “Rapid intraoperative
histology of unprocessed surgical specimens via fibre-laser-based stimulated raman
scattering microscopy,” Nature biomedical engineering, vol. 1, no. 2, pp. 1–13, 2017.

[55] M. Ji, S. Lewis, S. Camelo-Piragua, S. H. Ramkissoon, M. Snuderl, S. Venneti,
A. Fisher-Hubbard, M. Garrard, D. Fu, A. C. Wang, et al., “Detection of human
brain tumor infiltration with quantitative stimulated raman scattering microscopy,”
Science translational medicine, vol. 7, no. 309, pp. 309ra163–309ra163, 2015.

[56] M. Ji, D. A. Orringer, C. W. Freudiger, S. Ramkissoon, X. Liu, D. Lau, A. J. Golby,
I. Norton, M. Hayashi, N. Y. Agar, et al., “Rapid, label-free detection of brain tumors
with stimulated raman scattering microscopy,” Science translational medicine, vol. 5,
no. 201, pp. 201ra119–201ra119, 2013.

[57] N. Lakomkin and C. G. Hadjipanayis, “The use of spectroscopy handheld tools in
brain tumor surgery: Current evidence and techniques,” Frontiers in surgery, vol. 6,
p. 30, 2019.

[58] J. Desroches, M. Jermyn, M. Pinto, F. Picot, M.-A. Tremblay, S. Obaid, E. Marple,
K. Urmey, D. Trudel, G. Soulez, et al., “A new method using raman spectroscopy for
in vivo targeted brain cancer tissue biopsy,” Scientific reports, vol. 8, no. 1, pp. 1–10,
2018.

[59] J. Desroches, É. Lemoine, M. Pinto, E. Marple, K. Urmey, R. Diaz, M.-C. Guiot,
B. C. Wilson, K. Petrecca, and F. Leblond, “Development and first in-human use of a
raman spectroscopy guidance system integrated with a brain biopsy needle,” Journal
of biophotonics, vol. 12, no. 3, p. e201800396, 2019.

[60] J. Liu, M. Osadchy, L. Ashton, M. Foster, C. J. Solomon, and S. J. Gibson, “Deep
convolutional neural networks for raman spectrum recognition: a unified solution,”
Analyst, vol. 142, no. 21, pp. 4067–4074, 2017.



58

[61] C. Beleites, U. Neugebauer, T. Bocklitz, C. Krafft, and J. Popp, “Sample size planning
for classification models,” Analytica chimica acta, vol. 760, pp. 25–33, 2013.

[62] R. Perez-Pueyo, M. J. Soneira, and S. Ruiz-Moreno, “Morphology-based automated
baseline removal for raman spectra of artistic pigments,” Applied spectroscopy, vol. 64,
no. 6, pp. 595–600, 2010.

[63] I. T. Jolliffe and J. Cadima, “Principal component analysis: a review and recent
developments,” Philosophical Transactions of the Royal Society A: Mathematical,
Physical and Engineering Sciences, vol. 374, no. 2065, p. 20150202, 2016.

[64] S. Lloyd, “Least squares quantization in pcm,” IEEE transactions on information
theory, vol. 28, no. 2, pp. 129–137, 1982.

[65] R. Tibshirani, G. Walther, and T. Hastie, “Estimating the number of clusters in a
data set via the gap statistic,” Journal of the Royal Statistical Society: Series B
(Statistical Methodology), vol. 63, no. 2, pp. 411–423, 2001.

[66] D. Wittekind, “Traditional staining for routine diagnostic pathology including the role
of tannic acid. 1. value and limitations of the hematoxylin-eosin stain,” Biotechnic &
histochemistry, vol. 78, no. 5, pp. 261–270, 2003.

[67] I. Anna, P. Bartosz, P. Lech, and A. Halina, “Novel strategies of raman imaging for
brain tumor research,” Oncotarget, vol. 8, no. 49, p. 85290, 2017.

[68] S. Elumalai, S. Managó, and A. C. De Luca, “Raman microscopy: Progress in research
on cancer cell sensing,” Sensors, vol. 20, no. 19, p. 5525, 2020.

[69] J. C. Merlin, “Resonance raman spectroscopy of carotenoids and carotenoid-containing
systems,” Pure and Applied Chemistry, vol. 57, no. 5, pp. 785–792, 1985.

[70] K. Ramser, E. Malinina, and S. Candefjord, “Resonance micro-raman investigations
of the rat medial preoptic nucleus: effects of a low-iron diet on the neuroglobin
content,” Applied spectroscopy, vol. 66, no. 12, pp. 1454–1460, 2012.

[71] C. G. Atkins, K. Buckley, M. W. Blades, and R. F. Turner, “Raman spectroscopy
of blood and blood components,” Applied spectroscopy, vol. 71, no. 5, pp. 767–793,
2017.

[72] D. W. McCamant, P. Kukura, S. Yoon, and R. A. Mathies, “Femtosecond broadband
stimulated raman spectroscopy: Apparatus and methods,” Review of scientific
instruments, vol. 75, no. 11, pp. 4971–4980, 2004.

[73] P. Kukura, D. W. McCamant, and R. A. Mathies, “Femtosecond stimulated raman
spectroscopy,” Annu. Rev. Phys. Chem., vol. 58, pp. 461–488, 2007.

[74] C. Fang, R. R. Frontiera, R. Tran, and R. A. Mathies, “Mapping gfp structure
evolution during proton transfer with femtosecond raman spectroscopy,” Nature,
vol. 462, no. 7270, pp. 200–204, 2009.



Part II

Papers





Paper A

Single-Step Preprocessing of
Raman Spectra Using
Convolutional Neural Networks





Gold Open Access Paper

Single-Step Preprocessing
of Raman Spectra Using
Convolutional Neural Networks

Joel Wahl , Mikael Sjödahl, and Kerstin Ramser

Abstract

Preprocessing of Raman spectra is generally done in three separate steps: (1) cosmic ray removal, (2) signal smoothing, and

(3) baseline subtraction. We show that a convolutional neural network (CNN) can be trained using simulated data to

handle all steps in one operation. First, synthetic spectra are created by randomly adding peaks, baseline, mixing of peaks

and baseline with background noise, and cosmic rays. Second, a CNN is trained on synthetic spectra and known peaks.

The results from preprocessing were generally of higher quality than what was achieved using a reference based on

standardized methods (second-difference, asymmetric least squares, cross-validation). From 105 simulated observations,

91.4% predictions had smaller absolute error (RMSE), 90.3% had improved quality (SSIM), and 94.5% had reduced signal-to-

noise (SNR) power. The CNN preprocessing generated reliable results on measured Raman spectra from polyethylene,

paraffin and ethanol with background contamination from polystyrene. The result shows a promising proof of concept for

the automated preprocessing of Raman spectra.
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Introduction

Raman spectroscopy utilizes inelastic scattering emitted

from a sample illuminated by a monochromatic light source

to acquire information about the molecular structure.

In modern applications Raman measurements are generally

analyzed with chemometrics, i.e., data driven methods to

draw conclusions about the chemistry of the sample.1,2

A chemometrics methodology requirement is that the data

have been preprocessed. Preprocessing is synonymous with

putting the data into a form where direct comparisons

between measurements can be made. Preprocessing of

Raman data is in general done by applying numerical methods

for the removal of the baseline, background, cosmic rays and

noise before normalization.3 The importance of preprocess-

ing should not be understated, as faulty preprocessing may

lead to erroneous conclusions.4

All Raman measurements are subject to background radi-

ation. The background can be an effect of light sources that

are difficult to shield or Raman scattering from materials

surrounding the sample, such as microscope slides, buffer

solution, petri dishes or microfluidic systems. The back-

ground spectra can be measured separately and removed

manually by subtraction. An automated alternative would

be to define a loss function and applying an optimization

algorithm to minimize the influence of the background,

such as the simplex search algorithm.5

Fluorescence is the result of molecules being excited to

states of higher energy and emitting this energy as light.

The added light from fluorescence acts as a bias to the

baseline of a Raman spectrum. This baseline takes the

shape of a smooth curve that can be many times stronger

than the Raman scattering. One popular approach of

removing the baseline is to do an iterative fit of a polyno-

mial underneath the spectrum.6–8 Another useful method is

to apply an iterative weighted smoother, which creates a

curve fitting that ignores the peaks of the spectrum.9

Schulze et al published a comprehensive review on baseline

correcting methods that summarizes many known tech-

niques along with a discussion about their strengths and

weaknesses.10
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Cosmic rays appear randomly as sharp peaks in a Raman

spectrum. Cosmic rays occur when a particle from an

external source with higher energy than the measured

signal hits the spectrometer. The most common approach

of tackling cosmic rays is to acquire multiple observations

from a Raman spectrum, such that outliers may be detected

and removed. This process can be automated by applying a

threshold to the second difference of the spectrum.11

All measurements include random variation. Raman

spectroscopy is no exception as the process in itself is

stochastic and can be modeled by a Poisson distribution.

It is therefore common practice to apply a smoothing filter.

One of the most standard smoothers applied to Raman

spectroscopy is the Savitzky–Golay filter.12 Another popu-

lar smoother is the combination of the Whittaker

smoother (asymmetric least squares) with cross valid-

ation.13 The purpose of cross-validation is to increase

objectivity of the filter.3

In recent years methods based on multivariate analysis

has become more common place in the realm of prepro-

cessing. Extended multiplicative scattering correction

(EMSC), is a method that performs a regression over a

set of observed spectra to a common background.14

Other examples are baseline removal using combinations

of least squares fitting and principal component analysis

(PCA),15 singular value decomposition (SVD) by removing

a baseline to the decomposed data set16 and filtering with

orthogonal signal correction (OSC) by removing variations

in the set of spectra that is orthogonal to some reference.17

Further, band trap entropy minimization (BTEM), designed

for separating spectral components, can be applied to sep-

arate the sample spectra from background.18 Although

powerful, multivariate analysis demands many observations,

which cannot always be provided for example when living

samples are under investigation.

In this article it is proposed that a convolutional neural

network (CNN) can be trained on simulated data to pre-

process Raman data. The application of deep learning and

neural networks to chemometrics have previously shown

to be useful for such problems as pattern recognition,1,19–21

but to our knowledge not yet for comprehensive pre-

processing of Raman spectra. Schulze et al introduced a

method for baseline correction based on a neural network

using a single degraded spectrum with fixed peak positions,

with randomized baseline, noise and variations in peak

intensity. The method outperformed all methods that

were used for comparison,10 However, the method

was later beaten by a PCA based approach22 in which a

different network architecture, but similar training condi-

tions was used.

We propose a neural network trained on random peak

positions, with random peak intensities, background and

noise intensity. Further, we propose that cosmic rays and

a random background spectrum are included in the training

data to be removed. The network should be trained to

handle multiple observations and perform a signal reduc-

tion on the set of observations to make an optimal recov-

ery of the Raman spectrum. It becomes a more involved

training situation that requires more training data, but the

result should be a general predictor for spectra that is

within the range of the training data. The reason for pro-

posing a method based on simulated data is that experi-

mentally gathering measurements with the required

variation and sample size would be an immense undertak-

ing. Each measurement would have to be treated by an

expert to prepare the data for supervised learning. The

processing would further have to be perfect as any system-

atic errors would be learned using the CNN. With simu-

lated data, the information required for supervised learning

is available without processing.

Convolutional Neural Network

A neural network is a composite of functions, or layers,

that maps an input to an output. Figure 1 shows an 18

layer convolutional neural network (CNN), that maps a

set of observed Raman spectra to the ideal preprocessed

spectrum. The inputs are raw Raman spectra from back-

ground yb, and a mix of background and sample ybs respect-

ively. If the input is placed in a matrix Y with columns made

up of observations from yb and ybs, then the output of a

CNN with N layers can be written as

ŷs ¼ LN LN�1 . . .L0 Yð Þ . . .ð Þð Þ ð1Þ

where ŷs is an estimation of the ideal spectrum ys and Lið�Þ

is the function for the ith layer in the network. The number

of observations from yb and ybs are arbitrary, but

four observations from ybs and yb respectively, were used

throughout this work.

A CNN generally consists of multiple hidden layers,

which are placed between the input and the output layer.

These layers define a feature extraction section. The CNN

in Fig. 1 performs feature extraction by a combination of

convolutional, batch normalization, rectified linear unit

and average pooling layers. The most important layer for

feature extraction is the convolutional layers. They act as a

cascade of linear filters that extract features from the input,

where each convolutional layer performs a series of filters

with 3� 3 kernels. Consider for example the Sobel kernel

that is applied to convolution for edge detection as discret-

ization of a gradient operator.23 In a neural network feature

extraction works similarly, but the features are not speci-

fied, they are a result of training. To speed up the training of

the convolutional layers they are followed by batch normal-

ization and rectified linear unit layers. The batch normaliza-

tion layer process the data by computing

x̂i ¼
xi � m
s

ð2Þ
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where the mean, m, of the input to the layer, xI, has been

removed and scaled with the standard deviation, s, such

that the output, I, is fitted to a Nð0, 1Þ distribution. Batch

normalization is similar to standard normal variate correc-

tion (SNV), which is a common preprocessing technique.24

Rectified linear units is an activation or transfer function,

that redefines the output of the previous layer by setting all

values less than zero, equal to zero

x̂i ¼ max 0, xið Þ ð3Þ

which results in efficient computations and better

gradient propagation compared to activation functions

such as sigmoid or hyperbolic tangents.25 Average pooling

layers down-samples the data by computing local arithmetic

means.

The architecture used in Fig. 1, shows that the feature

extraction section is followed by a drop out 20% layer. The

purpose of this layer is to randomly set 20% of the output

of the feature extraction section to zero, which prevents

overtraining of the fully connected layer. The fully con-

nected layer is the output layer that maps the extracted

features of the input to an output, by

x̂ ¼Wxþ b ð4Þ

where W is a matrix with weights and the necessary dimen-

sions to acquire the desired dimensions of the output.

For the CNN to function as intended, all weights of

the network must be optimized for the particular task.

The weights are all the trainable variables that makes up

the layers of the CNN. There exist multiple solvers that

may be applied to train a CNN. In this implementation we

chose the Stochastic gradient descent with momentum

(SGDM) solver. SGDM updates the weights, wðl Þ, according to

w lþ1ð Þ ¼ w lð Þ þ arEþ � w lð Þ � w l�1ð Þ
� �

ð5Þ

where a is called the learning rate and � the gradient decay

factor. The scalar variable a dictates the speed of training

and � determines the contribution from the previous

iteration of the weights. This contribution from previous

iterations of weights is the so-called momentum term of

the solver. The initial weights w 0ð Þ were randomized by

sampling from the Gaussian distribution N 0, 0:01ð Þ. The

factor E is an error function that compares the estimated

output ŷs with the ideal output ys, according to

E ¼
1

2R

XR
i¼1

ys, i � ŷs, i
� �2

ð6Þ

where R is the number of elements in the signal ys or ŷs. E

was thus chosen as the half mean square error measured in

the last layer in the network, the regression layer in Fig. 1.

The gradient rE of the error function is estimated through

backpropagation, by applying the chain rule

rE ¼
@E

@ŷs

@ŷs
@LN

@LN

@LN�1
� � � � �

@L1

@L0

@L0

@Y

@Y

@w lð Þ
ð7Þ

As data are passed through the network to get the

current estimate, the derivative of each layer can be com-

puted, starting at @Y=@w lð Þ and propagating to @E=@ŷs.
When training a neural network a large quantity of data

is passed through the network multiple times, such that

the network converges to a general predictor.

Figure 1. A flow chart (from left to right) of a CNN that maps a set of Raman spectra (input) to the ideally preprocessed spectrum

(output). The input shown is a synthetic minimum set of one observed spectrum of background yb and mixed signal ybs, from both

background and sample. The input spectra include noise, cosmic rays and an additive baseline. In real applications, the synthetic spectra

are replaced by experimental data. Next the input is passed through a series of hidden layers which extracts features from the raw data

(feature extraction). The extracted features are then used in the final section of the architecture for regression into the output ŷs which

ideally is identical to the true sample spectrum ys. The peaks in ys are marked as dashed lines, both in the output and the input.
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Multiple signals were passed through the network in mini

batches, to decrease the likelihood of ending up in a local

minimum and acquiring a speed-up due to matrix–matrix

multiplications. When all data have passed through the net-

work once, one epoch has passed. Training variables and

layers of the CNN used in this implementation are sum-

marized in Table I.

The reader may refer to Murphy26 for general informa-

tion about machine learning, or to Goodfellow et al.27 for a

more in-depth look on deep learning and neural networks.

Deep learning and neural networks are getting more

attractive due to the availability of toolboxes for nearly

any programming language, such as TensorFlow (Google

Brain, released 2015) or PyTorch (developed by

Facebook’s artificial intelligence research group, released

in 2016). Matlab (The Mathworks, Inc.) released a deep

learning toolbox in version 2015b; Matlab’s toolbox for ver-

sion 2018b was used in the implementation of the CNN

in this work, but any programming language is just as

appropriate.

Simulation of Synthetic Raman Spectra

The scheme for generating training data is summarized in

the five steps, shown in Fig. 2. The different steps described

in the list below where parts written in italics are choices

made for generating specific data for this investigation.

These choices are arbitrary and can be chosen differently

to include more complexity in the data, such as more peaks

or baseline variation. The CNN is assumed to operate

within the range of the parameters.

(i) Generate two spectra, one for the sample, ys, and one

for the background, yb, each consisting of a randomized

number of Lorentz peaks

yfs, bg ¼
Xqfs, bg
i¼1

gi=p

x� x0,i
� �2

þg2i
, qfs, bg 2 U 1, qmax½ � ð8Þ

with position x0 and scale g; x0 was uniformly distributed in

the domain of the spectrum.

U xmin, xmax½ � and g was Gaussian distributed on

N m ¼ 24,s ¼ 10ð Þ. The number of peaks q was uniformly

distributed from 1 to 8.

(ii) Add the baseline: Generate an independent polynomial

for ys and yb, respectively

yfs, bg xð Þ :¼ yfs, bg xð Þ þ
Xr
i¼0

afs, bg, ix
0i

�����
����� ð9Þ

x0 was local coordinates in �1 � x0min � x0 � x0max � 1,

which ensured that the polynomials was on an appropriate

scale. The order r was uniformly distributed from 1 to 10.

The coefficients (afs, bg, i) and range for the local coordinates

x0min, x
0
max

� �
was sampled from U �1, 1½ �.

Figure 2. A flow chart (from left to right) of a five step simulation scheme for generating synthetic Raman spectra that may be used for

supervised learning. The scheme is initialized by generating ideal spectra from background yb and sample ys. Followed by adding an

independent baseline to yb and ys respectively. The mixed signal ybs is formed as a linear combination of yb and ys. In the final two steps

noise and cosmic ray(s) are added to ybs and yb, respectively.

Table I. Training variables.

Training

variable Value Description

A 10-4 Initial learning rate for SGDM

�a 0.1/(10 epochs) Learning drop rate.

Step size was decreased

every 10th epoch

g 0.9 Gradient decay.

Decides how much

updated weights depend

upon old values.

Max epoch 30 Number of epochs

used in training.

Mini-batch 128 Number of signals

in each mini-batch.

430 Applied Spectroscopy 74(4)



(iii) Mix the signals: Generate a linear combination of ys
and yb to acquire a signal that has contribution from

both sample and background

ybs ¼ pys þ 1� pð Þyb, p 2 R 0, 1ð Þ ð10Þ

p was uniformly distributed from 0.2 to 0.8 (which gives

a maximum of four times stronger/weaker yb compared

to ys).

(iv) Generate Poisson observations: Sample an observation

from a Poisson distribution with intensity values from

ybs and yb. The observations were generated from

Po tbsybs
� �

and Po tbyb
� �

, where tfbs, bg 2 U 0:5�½
103, 1:5 � 103�. tfbs, bg was added to simulate variation

in sampling time, which gave the simulated spectra an

estimated SNR of 3:7� 6:4 dB.

(v) Add cosmic rays: Randomize Lorentz peaks (5) with

small g i.e., very sharp peaks. The generation of a

single peak was determined by a Bernoulli distribution

with probability 0.5. A maximum of five peaks were

generated. g was sampled from a Gaussian distribution,

N m ¼ 6,s ¼ 2:5ð Þ.

Four sets of simulated experiments were generated.

First the training set which consisted of 2 � 105 independent

ybs and yb pairs.

The second set was the validation set which

consisted of 103 pairs. The validation set is used to

track errors during training. If the training error indi-

cates significantly lower values than the validation error,

it implies that the CNN have become overfitted to the

training set.

Two sets were generated for evaluation. The

first of these were labeled as the evaluation set and

consisted of 105 pairs with one to eight peaks in

each spectrum for analysis on the performance of the

predictor for spectra that was within the range of the train-

ing set.

The final set consisted of 50� 104 pairs, where 104

independent ybs and yb pairs were generated for increasing

number of peaks, 1, 2,. . ., 50, in the spectrum to evaluate

the quality of the prediction as a function of the number of

peaks in the spectrum. Notice that the maximum value

of peaks for a spectrum in the training set was set to

eight peaks, which means that the predictor was evaluated

for data beyond the range of its training.

Steps 4 and 5 were repeated four times, to generate

four observations of noise and possible cosmic ray(s)

for each independent spectral pairing of ybs and yb.

The number of observations were chosen arbitrarily, but

with the understanding that arrays which has sizes that are

of base two (Y from Eq. 1 has dimensions 210 � 24) can be

beneficial in Matlab.

Reference Prediction

A reference prediction (RP) was defined using the following

series of methods, to acquire a comparison with standard

preprocessing tools,

(i) For all observations of ybs and yb, respectively,

perform

(a) Two-dimensional detection and removal of cosmic

rays by placing a threshold, that was computed

from signal variation, on the second difference.11

(b) Degrading the spectrum to a single observation by

computing the mean for all available observations

(four in this work).

(c) Denoising using Whittaker smoother with second

order penalty and cross-validation.13

(d) Baseline reduction using Whittaker smoother, 10

iterations with second order penalty and � ¼ 106.9

(ii) Estimation of ys, by computing

ŷs ¼ ybs � ayb þ b ð11Þ

a4 0 and any b. The coefficients were found by minimizing

L ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXR
i¼1

ybs, i � ayb, i þ b
� �2

vuut ð12Þ

using Matlab’s simplex search method, fminsearch.5

Notice that the simulation scheme for generating ran-

dom spectra, is basically a reverse engineering of the

scheme proposed for the reference prediction. The chosen

method for each step were motivated due to their simplicity

to implement and that previous works (not shown here)

indicates that they perform well in many situations and are

suitable for automated preprocessing.

Performance Evaluation

The performance of the CNN, and the RP, respectively,

were estimated by computing the root mean squared

error (RMSE), the structural similarity (SSIM), and signal-

to-noise ratio (SNR). The RMSE is defined as

RMSE ¼
1

R

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXR
i¼1

ys, i � ŷs, i
� �2

vuut ð13Þ

which gives an absolute error. The RMSE was evaluated

during training and post training. The SSIM is a quality

metric defined as

SSIM ¼
2mŷsmys
m2
ŷs
þ m2ys

 !
2sŷs

sys

s2
ŷs
þ s2

ys

 !
covðŷs, ysÞ

s2
ŷs
þ s2

ys

 !
ð14Þ
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where the left term is called luminance (depends on

mean m), the middle term contrast (depends on variance

s2) and right term is called structure (depends on covari-

ance).28 SSIM is thus a complete quality metric defined from

0 to 1. An SSIM of 1, implies that ŷs is identical to ys, while a

0 indicates that there is no similarity. SSIM was computed

on the evaluation set, both globally and locally. The local

SSIM was computed in a range �15 pixels surrounding each

peak in the ideal spectrum. SNR is a measure of signal

power compared to noise power

SNR ¼
XR
i¼1

ys, i

 !, XR
i¼1

ys, i � ŷs, i
� �2 !

ð15Þ

where the quotient between the sum of the spectral

intensity and variation as compared to the prediction is

computed. The evaluation can be seen in the Results and

Discussion section, where error distributions have been

estimated from the evaluation set of 105 unique simulations.

Note that the RMSE is presented as a percentage of signal

norm and SNR in decibels (dB).

Experimental Setup

Raman spectra from polyethylene, paraffin, and ethanol

were recorded as test spectra to be evaluated using the

CNN that was trained on simulated data. A sketch of the

experimental setup can be seen in Fig. 3. The setup consists

of an inverted microscope (IX 71, Olympus) a Raman

spectrometer (Shamrock 303i, Andor Technology) and a

laser with an excitation wavelength of 532 nm (DPSS 532

laser, Altechna). A 40�magnification microscope objective

(LUCPLFLN, Olympus) and a filter cube containing a

dichroic mirror (532 nm RazorEdge Dichroic, Semrock)

and an edge filter (532 nm EdgeBasic, Semrock) were

used. The samples were placed on a polystyrene petri

dish, so that the signal from the sample was mixed with

signal from polystyrene. The integration time was set to

10 s. Measurements that contained at least one cosmic

ray were saved. SNR estimates for the raw data can be

found in connection to the results in the coming section.

Four observations from each spectrum were recorded for

each sample and the polystyrene petri dish respectively.

Results and Discussion

The CNN can in some sense be viewed as an adapted Raman

pass filter where the preprocessed spectrum is acquired by fil-

tering out cosmic rays, noise, background, and baseline (see

the Convolutional Neural Network and Simulation of

Synthetic Raman Spectra sections). CNNs are often used

for image classification to sort images that contain a specific

object into a correctly labeled group. In such applications the

surrounding of the object can be what determines the classi-

fication just as much as the object itself.29 At this point it is

impossible to say with certainty how the filtering is done in

our case, if it for example reacts to specific shapes or fre-

quency in the data. The performance of the CNN can still be

evaluated as a black box. This was done by inserting four

observations from many (105) independent spectra of

mixed signal (ybs background and sample) and background

(yb), such that the output (ŷs) was compared with the true

sample spectrum (ys), see Fig. 1 for a flow chart of this pre-

diction. The same spectral observations were then fed into

the reference predictor (Reference Prediction section) for

comparisons. The results were then evaluated using the met-

rics described in the Performance Evaluation section above.

Figures 4a to 4i and 5a to 5i show example results from

the performance of the CNN and RP, on three simulated

and three measured spectra, respectively. Notice how the

predictions done by the CNN closely traced the true spec-

trum. In both simulations and measured spectra the CNN

acquired significantly lower noise power. The baseline

reduction appears nearly perfect. The background spec-

trum was removed with improved accuracy compared to

the RP, but slight residuals occurred. Cosmic rays appeared

to be no problem for the CNN in any of the displayed

cases. The CNN did indicate some difficulty in handling

overlapping peaks, where the RP appeared to acquire a

more reliable fit. However, due to the amount of noise

remaining in the results from the RP, these peaks were

difficult to recognize as actual peaks instead of residuals

from the noise without prior knowledge of the spectrum.

Figure 3. Experimental Setup for acquiring Raman spectra from a sample in a petri dish.
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Figures 4a to 4i show the quality of the prediction on

three the simulation examples: Fig. 4d when the CNN did a

top prediction, Fig. 4e when it did an average prediction,

and Fig. 4f when the RP made a top prediction. The

raw spectra in Figs. 4a to 4c had SNR of 6:3� 0:3 dB,

7:6� 0:6 dB and 9:2� 1:4 dB respectively. The RMSE,

SSIM and SNR all appeared to be generally improved for

the CNN compared to the RP. Even in the example case

where the RP made its top prediction, the SSIM was super-

ior for the CNN. The locally estimated SSIM (�15 pixels

surrounding each known peak), indicates high quality peaks

for the good and the average prediction made by the CNN,

while it dropped for some of peaks in the prediction that

was indicated as superior for the RP. This drop in local peak

quality came from having underpredicted the intensity for a

couple of the overlapping peaks. The simulation examples

were acquired from the larger evaluation set, the statistics

from this set will be presented later in this section.

The experimental results (Figs. 5a to 5i) indicate that the

CNN predicted higher quality results in general. The RMSE

was lower and the SSIM and the SNR was higher for the

CNN as compared to the RP. Only the results related to

the problem of distinguishing overlapping peaks in paraffin,

showed a higher local SSIM for the RP as compared to the

CNN. Overlapping peaks occur for polyethylene as well,

in these peaks it was difficult for either predictor to acquire

a good fit, but the CNN based on the local SSIM made a

better fit. When comparing the results on the evaluation

Figure 4. Preprocessed Spectra from simulations. (a–c) raw simulated spectra, four observations from yb and ybs (n ¼ 4) respectively.

(d–f) predictions ŷs from simulated data compared with true spectra ys. (g–i) results from evaluation criteria (RMSE, SSIM, SNR and local

SSIM) when comparing ŷs to ys.
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metrics to those from the simulation examples, the overall

prediction quality was lower on the experimental data than

what was acquired on simulated data. But keep in mind that

the results from the evaluation were not compared to the

true spectrum of the analyte, but to a manually processed

high quality spectrum. Even the smallest deviations from the

truth, such as slight errors in baseline estimation, would

affect the results. The SNR of the raw spectrum, Figs. 5a

to 5c, was estimated to 2:4� 0:6 dB for polyethylene,

2:6� 0:9 dB for paraffin and 3:6� 0:3 dB for the ethanol

spectrum i.e., the SNR was also lower for the experimental

example cases than for the simulated examples.

The noise reduction performed by the CNN indicates a

difficulty in acquiring a crisp spectrum while resolving

overlapping peaks in noisy data. In these cases the cross-

validated Whittaker smoother appeared to be more

successful. There are many advantages to using the cross-

validated Whittaker smoother. It was originally introduced

as an improvement to the Savitzky–Golay filter and has

been argued to be superior to various smoothers, such

as smoothing splines, Fourier filtering and wavelets.13

Cross-validation should reduce the risk of choosing Sub-

optimal parameters, which are likely to create undesirable

distortions in the result. Even so, the results of the CNN

Figure 5. Preprocessed Spectra from experimental measurements of polyethylene, paraffin and ethanol. (a–c) raw spectra, four

observations from yb and ybs (n ¼ 4), respectively. (d–f) predictions ŷs compared with a high-quality spectrum ys. (g–i) results from

evaluation criteria (RMSE, SSIM, SNR and local SSIM) when comparing ŷs to ys.
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appear to outperform the cross-validated Whittaker

smoother in general noise reduction. But the difficulty

with overlapping peaks cannot be ignored.

The Whittaker smoother, when applied to baseline cor-

rection in the RP, does not require prior knowledge of peak

and baseline shape, but it remains difficult to automate.9

Cross-validation only works for Gaussian noise and it is

reported to have difficulties in tackling broad peaks,

where a baseline tends to be drawn into the peaks.9

We have noted that the latter of these problems reoccurs

in most baseline correcting methods to some extent and

has a tendency to lead to ambiguous results. A correctly

trained CNN makes an objective baseline correction, due

to its ability to approximate any function.30 We make no

claims that the CNN in this work can remove all baselines

without introducing errors, but the results shown here

indicate its ability to remove baselines that can be modeled

by polynomials without human interventions. This observa-

tion is in line with previous findings on less generally trained

networks.10,22

Cosmic ray removal would only stump the CNN if there

was a cosmic ray that appears at very nearly the exact same

location in all observed spectra, which would make it

appear as a true peak. This is a situation that is incredibly

unlikely. A second difference-based method, such as the

one used in the RP,11 would still be able to remove such

peaks as it marks everything below a threshold as a cosmic

ray. However, the threshold value cannot be chosen in a

way that will remove all cosmic rays with absolute confi-

dence, without affecting the signal. With a fixed threshold

there will always be occurrences where data that should

not be removed is removed or cosmic rays that should be

removed are not. Due to the unlikeliness for the CNN

to confuse a cosmic ray with an actual peak, the CNN

becomes the more robust approach. A possible drawback

is if there occurs some dynamic in the spectrum that causes

it to change rapidly between observations, in which case

dynamic peaks will be removed.

There are methods that can be argued to be more

natural competitors to a CNN than the methods used in

the implementation of the RP, most notably those based on

multivariate analysis. Even if there exist such methods that

appear to perform well on a limited number of observa-

tions, their strength comes from doing optimizations based

on many observations. The data in training and evaluation

were defined to have four observations from ybs and yb,
respectively, hence, multivariate methods were not used in

predictions here.

The results from the example spectra are supported in a

wider range from the results shown in Figs. 6a to 6h.

The first graph, Fig. 6a, shows the RMSE computed from

the training set and the validation set. The RMSE from the

Figure 6. Error graphs. (a) Training RMSE plotted against number of epochs, for both training data (n ¼ 2 � 105) and validation

data (n ¼ 103). (b–h) shows distributions from the evaluation data (n ¼ 105) after 30 epochs of training. (b) RMSE for the CNN

compared to the RP, as a percentage of norm. (c) Distribution of global SSIM. (d) Pair-wise difference in global SSIM from (c). (e–f)

Distribution of local SSIM and pair-wise difference in local SSIM, �15 pixels surrounding each peak. (g–h) Distribution of SNR and

pair-wise difference in SNR.
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two independent sets closely traces each other as the

training is concluded at 30 epochs. Thus, the CNN is not

overfitted and able to make accurate predictions on data

with similar characteristics as those included in the training

set. The graphs that follow shows error distributions com-

puted from the evaluation set after training for 30 epochs,

Figs. 6b to 6h. See the Simulation of Synthetic Raman

Spectra section above for a detailed description of the

three independent sets (training, validation and evaluation)

of simulated data. The prediction quality was generally

improved for the CNN compared to the RP of 91:4% of

predictions showed lower RMSE, 90:3% showed improved

global SSIM, 94:5% showed larger SNR, and 77:4% of

peaks showed higher quality in the local SSIM. Since the

mean of each distribution is shifted towards a better pre-

diction for the CNN on all metrics used, the CNN is

shown to generally make a significantly improved prediction

compared to the RP. The largest percentage of predictions

where the prediction quality was lower for the CNN com-

pared to the RP was in peak quality (local SSIM). Based on

the observations made in the example cases, Figs. 4a to 4i

and 5 a to 5i, it is likely that this drop is related to the

apparent difficulty to handle overlapping peaks that can

be difficult to resolve correctly due to large variations.

This phenomenon requires further investigation.

The prediction error was minimized when the number

of peaks in the data was within the range of the training

data, see Figs. 7a to 7d. RMSE increased for each added

peak from 1 to 50, both in the CNN and the RP. The SSIM

increased initially as the number of peaks increased.

The CNN reached a maximum at eight peaks, which was

the maximum in training. The SSIM then dropped for each

added peak in the data but was always superior for

the CNN in the given range. Local SSIM revealed that the

mean peak quality decreased for both the RP and the CNN

with increasing number of peaks. The CNN outperformed

the RP in the entire range of 1 to 50 peaks, but the peak

quality became poorer as the number of peaks increased

and the occurrence of overlapping peaks became

more likely. SNR shows a similar trend, where the CNN

shows good results within the range of training and then

proceeded to drop the further the number of peaks was

from the range of the training data. Therefore, it is import-

ant to train the CNN to handle data that are within an

expected range. The predictor as a result is not entirely

without prejudice as it requires prior knowledge about the

measurements to setup appropriate training data.

Since the baseline structure in the simulated data

was solely based on polynomials, it might not be sufficient

for all real-world situations. This may be addressed by

complementing with various functions that can be added

to or replace the polynomial in Step 2, as outlined in the

Simulation of Synthetic Raman Spectra section. Such as

Gaussian lineshapes or sigmoid functions which are both

common functions for fitting the Raman baseline.

Another option is to have a completely randomly generated

smooth curve, such as what you would acquire by heavily

smoothing data from a normal distribution. It may also be of

value to add a bias or gain term to acquire a suitable scale

between baseline and peak intensity, to include those appli-

cations where the baseline may be many times stronger

than the peak intensity. The noise power of the synthetic

spectra can more easily be tuned by sampling from a

Gaussian distribution instead of a Poisson distribution

with appropriate mean and standard deviation. Tests not

shown here indicate that this appear to yield similar results,

even if sampling from a Poisson distribution is a more

appropriate model for the noise.

Evidence suggests that the CNN in general outperforms

the RP. The RP acquires decent preprocessing in many

cases, and the methods, however, time-consuming and

costly, can be adapted to be better optimized by experts

for individual spectra. At this point the CNN has not been

compared to a larger set of alternative methods which limit

the conclusions regarding how it compares to all available

preprocessing algorithms. The RP is not considered to be

Figure 7. Error graphs as a function of the number of peaks in the spectrum, estimated from evaluating the results from many

n ¼ 104
� �

independent spectra (total number of independent spectra n ¼ 50� 104). (a) RMSE, (b) SSIM, (c) SNR, and (d) local SSIM.

The results are plotted along with standard deviation as a shaded area around each curve. The range from one to eight has been

highlighted to indicate the range for which the CNN has been trained to operate.
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the golden standard in comprehensive preprocessing and

the results presented here might be overrated. However,

the CNN offers a powerful and flexible approach. The

implementation for this proof-of-concept test is rather

simple. A CNN can further be adapted for various applica-

tions by altering the training data or network architecture.

The network architecture could be altered in any number

of ways, the performance might be improved by adding

multiple layers and make a deeper neural network.

Making a deeper network would increase the number of

weights that needs to be trained, which would in turn

increase the need for larger sets of training data and a

method for generating such data.

Conclusion

In this paper, we have shown that a convolutional neural

network (CNN), can be trained on simulated data to per-

form high quality preprocessing of Raman spectra. The

method described can be implemented in many programming

environments due to the wide availability of toolboxes for

machine learning. When compared with a reference predic-

tion based on standardized methods, a CNN significantly

improves preprocessing. The analysis related to the reference

prediction was rather sparse considering the amount of

methods available for preprocessing and future work should

include a wider comparison, especially with methods that

spawn from multivariate analysis. One should always be

wary of automated software, but a pretrained CNN reduces

both computational time and time spent by an analyst in

preparing data for the analysis of the molecular structure

hidden in the spectrum. It suggests that CNNs or next gen-

eration machine learning tools could become a useful tool in

preparing Raman data for further analysis; however, before

that becomes a reality, the methodology has to be compared

with multivariate analysis and be evaluated against more com-

plex experimental data, e.g., composites or tissue. It is also

likely that the methodology could be applied with appropriate

changes to the simulation scheme for adaptations to

problems with similar preprocessing challenges as Raman

spectroscopy, such as NIR, FT-IR, mass spectroscopy, and

chromatography.
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Abstract: Acute hypoxia changes the redox-state of pulmonary arterial smooth muscle cells (PASMCs).
This might influence the activity of redox-sensitive voltage-gated K+-channels (Kv-channels) whose
inhibition initiates hypoxic pulmonary vasoconstriction (HPV). However, the molecular mechanism
of how hypoxia—or the subsequent change in the cellular redox-state—inhibits Kv-channels remains
elusive. For this purpose, a new multifunctional gas-tight microfluidic system was developed
enabling simultaneous single-cell Raman spectroscopic studies (to sense the redox-state under
normoxic/hypoxic conditions) and patch-clamp experiments (to study the Kv-channel activity).
The performance of the system was tested by optically recording the O2-content and taking Raman
spectra on murine PASMCs under normoxic/hypoxic conditions or in the presence of H2O2.
Oxygen sensing showed that hypoxic levels in the gas-tight microfluidic system were achieved
faster, more stable and significantly lower compared to a conventional open system (1.6 ± 0.2%,
respectively 6.7 ± 0.7%, n = 6, p < 0.001). Raman spectra revealed that the redistribution of biomarkers
(cytochromes, FeS, myoglobin and NADH) under hypoxic/normoxic conditions were improved in the
gas-tight microfluidic system (p-values from 0.00% to 16.30%) compared to the open system (p-value
from 0.01% to 98.42%). In conclusion, the new redox sensor holds promise for future experiments
that may elucidate the role of Kv-channels during HPV.

Keywords: hypoxia; microfluidic system; Raman spectroscopy; redox reactions on single cell level

1. Introduction

Hypoxic pulmonary vasoconstriction (HPV) is a local response of the pulmonary vasculature
that diverts blood from poorly to well-oxygenated lung areas. Thereby, HPV maintains optimal
arterial oxygenation by matching capillary perfusion to alveolar ventilation on a breath-to-breath
basis [1,2]. Consequently, decreased HPV (e.g., during pneumonia, sepsis, anesthesia or liver
failure) can lead to life-threatening hypoxemia, whereas prolonged and global alveolar hypoxia
(e.g., at high altitudes or in patients suffering from chronic lung diseases) results in exaggerated HPV.
This chronic and global vasoconstriction can lead to an irreversible pathological remodeling of the
pulmonary vasculature, resulting in pulmonary hypertension (PH) and consequently—due to the
constant work-overload—to right heart failure [1–3]. Hitherto, the process underlying HPV is not fully
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understood. It is well established that precapillary pulmonary arterial smooth muscle cells (PASMCs)
are the sensor and effector cells in HPV, since they constrict upon exposure to acute hypoxia—thereby
narrowing the diameter of resistance pulmonary arteries [1–3]. Important signaling molecules that
cause the PASMCs to constrict are reactive oxygen species (ROS) and H2O2 in particular [2]. Recently,
the pulmonary-specific isoform 2 of the mitochondrial complex IV subunit 4 (Cox4i2) has been
identified as primary oxygen (O2)-sensor in PASMCs. O2-sensing via Cox4i2 initiates acute HPV
by promoting hypoxia-induced ROS-release preferentially at complex III of the electron transport
chain [2]. The subsequent change in the cellular redox state is proposed to link O2-sensing with
PASMC-contraction via inhibition of voltage-dependent K+-channels (Kv-channels) that are crucial for
mediating membrane potential in PASMCs—thereby controlling Ca2+-entry and subsequently vascular
tone [4]. Kv-channels are known to be redox-sensitive [4–8], since they are sensitive to H2O2 [9,10] and
changes in both NADP(H) and NAD(H) levels [4,11].

To date, it was impracticable to simultaneously study (a) the activity of Kv-channels in PASMCs
and (b) the cellular redox state of the same cell in response to different oxygen-concentrations.
For this reason, a gas-tight microfluidic system has been developed that has the option to coincidently
perform patch-clamp experiments (to study the Kv-channel activity) as well as Raman spectroscopic
investigations on single-cell level (in order to monitor the cellular redox-state) under reversible and
tightly controlled normoxic/hypoxic conditions.

For patch-clamp experiments, a micropipette with a narrow tip of less than one micrometer
has to be steered towards a cell and attached by application of gentle suction to the cell membrane.
This procedure requires careful micromanipulation of the pipette in three dimensions (3D)—which is
difficult to achieve in a closed gas-tight system. In addition, hypoxic conditions are usually created
in an open system by flooding the cells with hypoxic buffers. By doing so, a level of 5% O2 can be
reached—which cannot be conserved as truly hypoxic. In a previous study, these technical problems
had been solved by maneuvering optically trapped biological cells in a closed system towards a fixed
micropipette by moving the xyz-microscope stage in 3D [12]. The system proved to be successful,
however, it was (1) intricate to fix the micropipette; (2) the optical steering of the cells emerged to be
very time consuming and (3) it was impossible to measure adhesive cells—such as PASMCs. Here,
a new design of a closed microfluidic system is presented that overcomes these technical difficulties;
a channel opening with a flexible latex glove was added to the closed system. In this channel,
the micropipette could be attached and moved like a gearshift in 3D towards the PASMCs that were
adhered to the bottom of the microfluidic system.

For monitoring the redox state of cellular biomarkers (cytochrome b, cytochrome c, myoglobin
and the vibrational bonds of NADH) within a single PASMC Raman spectroscopy was performed.
Spectroscopic investigation on PASMCs are hitherto scare. As stated by Waypa et al., a change in
intracellular ROS-production during hypoxia has been detected in PASMCs by using chemiluminescence
and DFC fluorescence, whereas electron paramagnetic resonance (EPR) revealed a change in oxidant
production [13]. However, the poor resolution of the measurement methods made it unclear whether
the ROS levels increased or not. Therefore, Waypa et al. investigated the hypoxia-induced increase in
mitochondrial ROS under hypoxic conditions by using redox-sensitive fluorescence resonance energy
transfer (FRET) [13]. Their results demonstrated that hypoxia triggers Ca2+-influx in PASMCs via
augmenting mitochondrial ROS signaling. An essential disadvantage of this method is, however, that
the cells need to be stained—meaning that they are not in their native state anymore. Intrinsic NAD(P)H
fluorescence has been used to create confocal images by two photon excitation in cardiac myocytes [14].
This method, although promising for studies of metabolic states in living cells, only allows for the study of
one biomarker. In contrast, Raman spectroscopy is a powerful tool to investigate mitochondrial biomarkers
in native cells, where especially the mitochondrial biomarkers FeS, NADH and cytochrome b and c can be
studied simultaneously. For instance, cytochrome c has been monitored during cell apoptosis [15], and also
the mitochondrial fitness in yeast cells have been monitored by Raman spectroscopy [16]. Furthermore,
the redox state of especially cytochrome c has been investigated in a perfused rat heart [17], living
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Saccharomyces cerevisiae cells, and isolated cardiomyocytes [18,19]. For this reason, Raman spectroscopy
was included in the proposed sensor to monitor the redox state of single PASMCs under normoxic/hypoxic
conditions. Here, first tests on the feasibility of Raman spectroscopy were performed without going into
detail how individual biomarkers react upon oxygen deprivation.

In the present study, the initial design consideration of the “redox sensor”, as well as modeling of
the flows through the microfluidic system, are presented. To functionally test the new gas-tight system,
Raman spectroscopy was performed on single primary murine PASMCs under (a) different O2 contents,
induced by application of a hypoxic buffer or (b) by adding exogenous H2O2 in a physiological
concentration of 124 nM. H2O2, a common oxidizing agent, was used to test if the observed changes in
the Raman spectra in response to hypoxia were due to a change in the cellular redox state. Identical
experiments were carried out in a conventional open system to compare the results.

2. Materials and Methods

2.1. Simulations and Design of the Gas-Tight Microfluidic System

The design of the microfluidic system drawn in a CAD program was based on (1) the number of
entrances and outlets needed (for inflow, outflow, patch-pipette, reference electrode and O2-sensor)
and (2) the shape of the dishes used for PASMC cultivation. Some views of the CAD drawings are
shown in Figure 1a,b.
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To describe the fluid flow inside the system, Computational Fluid Dynamics (CFD) were
performed using a commercially available software (Ansys CFX 16, Ansys, Canonsburg, PA, USA).
For optimization, different outlet geometries based from a simplified version of the CAD design
were investigated, since capillary forces in microfluidic systems are increased by internal pressure
differences. These capillary forces can lead to a rising of fluids in the in-, and outlets that renders
measurements impossible. In order to get optimal conditions, different diameters and shapes of the
outlet were tested. In addition, time-dependent simulations were performed to investigate the fluid
levels in the measurement section and a Volume of Fluids (VOF) model was implemented to account
for both the gas and liquid phase. The fluids in the simulation were defined as Water at 20 ◦C and Air
at 25 ◦C. The flow rate in the simulations was 5 mL/min and the numerical time-step was set to 10 ms.

After simulations with different outlet designs, the diameter was selected to be the same as the
inlet diameter (2 mm). This setup gave a quite low fluid build-up in the measurement section which
can be seen in Figure 2, together with the velocity streamlines going from the inlet to the outlet after a
simulation time of 100 s.
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The final base of the microfluidic system was CNC milled in polycarbonate (PC).
A further challenge was to design a gas-tight entrance for the fragile patch-clamp micropipette

that allows the careful and precise 3D movement of the pipette. For that reason, a flexible latex glove
was constructed by dip-molding: An aluminum mandrel was pre-heated to approximately 60 ◦C
before dipping in a liquid latex resin (Mouldcraft Ltd., Sheffield, UK). No chemical coagulants were
used, the heat alone resulted in a sufficiently thick layer of coagulated latex around the mandrel.
After extracting the mandrel, it was allowed to dry in air at 100 ◦C for about an hour. The thickness,
and thus the mechanical strength and stiffness of the glove, was adjusted by changing the concentration
of the latex resin and the dwell time of the mandrel in the resin. The latex glove, with two bulbs to
increase the range of motion, is shown in Figure 1c. In use, the upper end of the glove was stretched
over the tip of the pipet holder, whereas the lower end was fitted over a hollow plug, which was sealed
to the main body of the flow system using an o-ring. The use of a separate plug, rather than sealing
the glove directly to the body of the flow system, allowed the glove to be assembled before the pipet
was inserted into the holder, thus reducing the risk of damaging the fragile pipet and making pipet
replacement easier. See the assembled flow system in Figure 1d for details.

2.2. Experimental Setup for Raman Spectroscopy

A microscope was built by mounting the following items onto a 2′′ post (Thorlabs Inc., Newton,
MA, USA);

• a quarz halogen lamp (MI-150, Edmund Optics, Barrington, IL, USA),
• a manual xy-stage (Merzhäuser, Wezlar, Germany),
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• a microscope objective holder equipped with a 60× water immersion objective (Olympus,
Tokyo, Japan),

• a CCD camera to observe the sample (Guppy, Allied Vision GmbH, Stadtroda Germany),
• two edge filters (532 razor sharp edge and 532 basic edge filters, Semrock, Rochester, NY, USA),

both used to guide the laser light onto the sample and to block out the laser light prior to the
Raman spectrometer,

• an optical fiber to guide the Raman scattered light into a Raman spectrometer (Shamrock 303i,
Andor Technology, Belfast, UK) equipped with an air-cooled CCD camera (Andor Technology,
Belfast, UK).

The final setup is shown in Figure 3.
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Figure 3. Schematic of the setup, starting with a computer coupled to the spectrometer that was
fiber-optically coupled to the microscope.

Raman measurements were carried out with a Shamrock 303i spectrometer and an excitation
wavelength of 532 nm (DPSS 532 laser) at an integration time of 120 s at a power of 0.6 mW. The slit
into the spectrometer was set to 50 µm giving a spectral resolution of 6 cm−1. The laser beam was,
in this study, intentionally defocused to 20 µm to average the signal from a large intracellular region
from the single PASMC.

2.3. Sample Preparation

The isolation of murine PASMCs was approved by the “Institutional Animal Investigation Care
and Use Committee” and the appropriate governmental committee. PASMCs from C57BL/6J mice were
isolated as previously described [2,20] and grown on glass bottom dishes (35/10 mm, Greiner Bio-One,
Frickenhausen, Germany) for 7 to 10 days prior to experiments. During measurements, PASMCs
were continuously perfused (0.5 mL/min) with pre-heated (37 ◦C) Tyrode’s solution (composition
in mM: 126.7 NaCl, 5.4 KCl, 1.8 CaCl2, 1.05 MgCl2, 0.42 NaH2PO4, 22 NaHCO3, 10 Glucose, pH 7.4,
0.5 mL/min, gassed with either normoxic (21% O2) or hypoxic (1% O2) gas mixture, both containing
5.3% CO2, rest N2). The glass bottom dish was either (a) kept open (open System, os) by using
a perfusion insert (Warner Instruments, Hamden, CT, USA) or (b) covered with the customized
microfluidic system (closed system, cs).

2.4. Experimental Procedure

Three different types of experiments were carried out for both systems (open vs. closed):

1. In the experiment termed as Redox, the measurement chamber was perfused with normoxic
(NOX) or hypoxic (HOX) gas mixture.
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2. In the experiment, termed H2O2, the procedure was repeated by replacing the hypoxic solution
with a normoxic solution containing 124 nM H2O2. Due to its instability, H2O2 was dissolved
directly before application for each individual experiment.

3. In the third experiment—termed as control—the Tyrode’s solution was kept at normoxic O2

levels throughout the entire experiment.

The experimental procedure was as follows: First, a Raman spectrum under normoxic condition
was taken. Thereafter, the normoxic buffer solution was switched to the hypoxic buffer solution,
H2O2 or it was kept constant. Raman spectra were taken continuously, each with a shutter time of
2 min. After four minutes, the oxygen content was considered as hypoxic and a final spectrum termed
HOX was taken. Then the buffer solution was switched to NOX again. After four more minutes,
the recovery state was reached, a final Raman spectrum was taken and the experiment was terminated.
Each experiment was carried out on different cells, grown on distinct glass bottom dishes (n = 36).
A summary of the experimental plan and measurements that were used for analysis can be seen in
Table 1.

Table 1. Number of time series of Raman spectra for analysis.

Type of Experiment Number of Experiments Open System Number of Experiments Closed System

Redox 4 11
H2O2 7 4

Control 4 6

2.5. Oxygen Sensing

The partial Oxygen pressure (pO2) inside the measurement chamber was continuously recorded
using an optical needle-type oxygen sensor in combination with the corresponding Oxygen
Logger-Software (Firesting, Pyro Science, Aachen, Germany) and analyzed using IGOR Pro 6.37
(Wavemetrics, Lake Oswego, OR, USA).

2.6. Data Analysis

To visualize the acquired Raman spectra for each set of experiments, the spectra were processed
with the following steps:

1. Removal of cosmic rays—The second derivative was used to identify cosmic rays [21], which were
removed and then inpainted using a local Savitzky-Golay filter (order 3, window size 41).

2. Signal Reconstruction—Piecewise average of least square fitted polynomials (order 3, window
size 50 cm−1 for fitting, trimmed to 25 cm−1 in reconstruction to reduce the influence of possible
corner effects).

3. Background Reduction—The MATLAB R2018a function msbackadj was used to remove a minimal
common background for each reconstructed time series (step size 25 cm−1 and window size
25 cm−1). The background reduction was adjusted to make sure that no values in the estimated
background could exceed the counts in the reconstruction.

4. Normalization with L2-norm.

Further, t-tests between the NOX and HOX measurements were performed on the semi-treated
data—after cosmic ray removal and normalization—in the seven regions defined in Table 2.
No background reduction was necessary here since the constant background does not affect the
t-test. The t-test is often used in Raman measurements and it is able to handle small sample sizes [22].
This property makes the t-test suitable for the present study, since the number of samples from each
experiment ranges from n = 4 to n = 11 (see Table 1).
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Table 2. Regions with known biomarkers used in t-test.

Region Domain (cm−1) Peak (cm−1) Biomarker

A 600–660 604 cyt b [16], cyt c, cyt c1 [16,17], deoxy-cyt c [18]
650 FeS [16]

B 725–775 750 cyt b, cyt c, cyt c1 [16,17], deoxy-Mb [18]
C 980–1010 991, 1000 NADH [16]
D 1120–1170 1127, 1167 cyt b, cyt c, cyt c1 [16,17]
E 1290–1390 1300–1303 cyt b [17], deoxy-cyt b, oxy-cyt b [18]

1305 cyt b, cyt c, cyt c1 [17]
1313 cyt c [17], deoxy-cyt c, oxy-cyt c [18]
1337 cyt b [17], deoxy-cyt b, oxy-cyt b [18]

1356–1358 deoxy-Mb [17,19]
1372–1377 oxy-cyt c [19], oxy-Mb [17,19]

F 1540–1600 1545–1548 deoxy-Mb, deoxy-cyt c [19]
1556 deoxy-Mb, oxy-Mb b [17]

1563–1565 oxy-cyt c, deoxy-Mb [19]

1582–1587 cyt b, cyt c, cyt c1 [16], deoxy-cyt c, oxy-cyt c,
deoxy-Mb, oxy-Mb [19]

G 1600–1650 1606–1608 deoxy-Mb [16,19]
1622 deoxy-cyt [19]
1638 cyt c [16], oxy-cyt [18], oxy-cyt c [18,19]

1640–1642 oxy-Mb [17,19]

3. Results

3.1. Oxygen Sensing

The O2 content was continuously recorded via an optical O2-sensor that was placed inside the
measurement chamber. One minute after switching to hypoxic buffer, the O2-content within the open
system had dropped from 20.6 ± 0.4% to 10.2 ± 0.4%. Over the same time period, significantly lower
hypoxic conditions of 3.6 ± 0.8% O2 were achieved in the closed microfluidic system (Figure 4; n
= 6; p ≤ 0.001). Moreover, even after hypoxia application of 4 min, the oxygen content in the open
system did not reach the same level as in the closed system (open system: 6.7 + 0.7% O2; closed system:
1.6 + 0.2% O2; n = 6; p ≤ 0.001.)
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Figure 4. (a) Oxygen content inside the open (grey trace) and the closed, microfluidic system (black
trace) upon switching from normoxic to hypoxic solution (indicated by the black bar). O2-curves
are superimposed for better comparison and representative for n = 6 each; (b) Statistical analysis of
experiments depicted in panel (a). Under hypoxic conditions, the O2-content was significantly lower in
the closed, microfluidic system (black), compared to the conventional open system (grey). The 2-way
ANOVA with Tukey’s multiple comparison test; ns: not significant p ≥ 0.5, **** p ≤ 0.0001.
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In addition to the slow and blunted drop in O2-content, the hypoxic condition in the open system
was very unstable and characterized by multiple fluctuations (compare Figure 4a). By contrast, a stable
hypoxic condition was achieved in the new, closed system (compare Figure 4b). Note, a spike in the
oxygen level is visible prior to the 3 min mark.

3.2. Raman Spectral Investigation and Analysis

Figure 5 shows the results from the reconstructed Raman response with the cosmic rays removed.
The reconstructed spectrum (red trace) is plotted along with the semi-treated data (black). They were
used for t-tests.
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Figure 5. Reconstruction of the Raman response from measurements on PASMCs—Redox, H2O2 and
control. (a–c) are from the closed microfluidic system (CS) and (d–f) are from the open system
(OS). The 2 min mark is the initial stage, 6 min mark is the HOX-spectra followed by recovery.
The reconstructed curve (red) is placed on top of the semi-treated data (black).

The semi-treated data had different signal to noise levels in all cases (Figure 5).
Figure 6 shows the Raman spectra after having removed a mathematically based background—not

a background spectrum from the microfluidic system itself. The reason for this procedure is to be
able to visualize the influence of the two systems (open vs. closed) on the measurements. Further,
a subtraction of a background spectrum would add to the noise while not adding to the ability of
detecting changes in Raman peaks. Along with the Raman spectra the regions that were used for t-test
are shown, remember that the t-tests were not based upon the data shown in Figure 6 but rather on the
semi-treated data shown in Figure 5. See Table 2 for a summary of the domain of all regions and which
biomarkers are known to reside within each region.

The variations of the spectra—especially in the regions of the biomarkers (A–G)—are much more
pronounced in the redox and the H2O2 experiments than in the control measurements (see Figure 6).

Figure 7 shows p-values from t-tests between normoxic and hypoxic conditions on the semi treated
data shown in Figure 5 and the seven regions specified in Table 2. Note that the p-value is always
smaller in the redox measurements. In the control measurements, however, the p-value fluctuates.
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4. Discussion

The aim of the present study was to develop a customized system that allows for real time-
investigations of single PASMCs’ redox state in response to tightly controlled O2-concentrations—while
providing the opportunity to simultaneously measure Kv-channel activity and membrane potential of
the same cell via the patch-clamp technique.

This goal was achieved by designing a gas-tight microfluidic system enabling Raman spectroscopic
investigation that additionally included a gas-tight port for a patch-pipette and one for the respective
reference electrode. Due to a purpose-built latex glove, the patch-pipette can be precisely moved
in 3D to be attached to PASMCs that are adhered to the bottom of a common culture dish.
Moreover, once fixed to the system, all components needed for the experiment (reference electrode,
O2-sensor and tubes for in- and outflow) can stay permanently attached to the system during
experiment. The assembled microfluidic system was simply put upon the cell culture dish providing an
unambiguous reduction in experiment time and simplification in handling. Furthermore, the PASMCs
did not have to be trypsinated and/or transferred prior to experiment. Due to this, our new microfluidic
system connotes (a) significantly less stress for the cells and (b) the possibility to measure adhered
PASMCs (and other cell types).

To investigate the hypoxia-application, the oxygen content was measured by an optical oxygen
sensor. The results show that the new microfluidic system has major advantages. First, after 1 min the
O2-content was significantly lower in the new system compared to the conventional open one. Second,
the value of less than 4% O2 proved to be stable over time, while massive fluctuations in O2-content
occurred in the open system. Therefore, future experiments using the new gas-tight system can be
carried out in shorter experimental times (HOX-spectra can be taken after 1 min)—which means less
stress for the PASMCs due to the reduced laser exposure time. Note, spikes in the oxygen level can
appear randomly (see Figure 4a) which may influence the Raman spectrum. However, by having
control over when the spikes appear, they should not impose on the total reliability of the data since
those spectra, thanks to the simultaneous measurements, can be excluded.

The microfluidic system was further tested by performing Raman spectroscopy on single murine
PASMCs. The laser beam was defocused to 20 µm to get an average over the whole intracellular
components of the single PASMC. Together with the low power chosen (0.6 mW) the experimental
conditions resulted in a high signal to noise ratio, see Figure 5. Furthermore, the number of experiments
does not yet allow the identification of reversible changes of the mitochondrial biomarkers. However,
since certain trends can be observed (Figure 6), first conclusions can be drawn: Raman spectra of the
control experiments showed a continuous fluctuation while the fluidic system was kept at a flow of a
steady normoxic O2-content during the whole experiment. However, the control measurements were
fluctuating around a constant baseline, which was not the case for the Redox and H2O2 experiments
(compare Figure 6). This fluctuation of the Raman signal seems to be in agreement with the study
of Almohammedi et al. [19]. In addition, for Redox as well as H2O2, a shift in the entire spectra was
observed for both the closed and the open microfluidic system. Although this response appeared in
both systems, it was less pronounced in the open system. There, they rather resembled the general
fluctuations that—according to the control experiments—seem to exist intrinsically in PASMCs.

Lastly, t-tests in the regions of the defined biomarkers presented in Table 2 were performed on
the semi-treated Raman spectra. The aim was to acquire quantitative measures on the likelihood,
if the observed changes resulted from noise or from the single cell redox reactions (see Figure 7).
The t-tests confirmed the observations from the treated Raman signal (see Figure 6). Regarding the
control experiments, the t-test generally resulted in a high likelihood of changes being due to noise for
both, the closed and the open system. In some cases, the changes were significant, which implies that
the system is in a general state of fluctuation—which is to be expected for a living system. Interestingly,
the level of noise was more pronounced in the closed system (see Figure 5), a finding that needs further
investigation. Regarding the Redox and H2O2 experiments, it is evident that p-values that resulted
from changes relating normoxic to hypoxic conditions showed an increased likelihood of being a
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true change for the closed system compared to the open system. To emphasize, as shown in Figure 4,
the closed system created stable hypoxic conditions, which hints that the changes in the processed
spectra (see Figure 6) are due to the changes from normoxia to hypoxia. Only in two cases, the open
system appeared to trump the closed system, these occurred in the regions C (980–1100 cm−1) and
D (1120–1170 cm−1) for the H2O2 experiments. For region C, the reported p-values were 6.05% for the
open system and 6.87% for the closed system, a difference of only 0.82% in favor of the open system.
In region D, the p-value from the closed system was 88.73%, indicating a high likelihood of changes
being due to noise, however, Figure 6 reveals that in region D of the spectra there appears to be little
actual change between the various time steps, regardless of experiment.

At this point, it seems evident that the closed microfluidic system improves the ability to
identify Raman spectral changes caused by redox state in PASMCs. It has to be mentioned that the
material of the microfluidic system was polycarbonate, having Raman peaks at 644 cm−1, 741 cm−1,
761 cm−1, 1013 cm−1, 1121 cm−1, 1190 cm−1, 1297 cm−1, 1320 cm−1, 1372 cm−1, 1396 cm−1, 1549 cm−1,
1611 cm−1 [23] that could interfere with the defined biomarkers (Table 2). Since the Raman signal
from the polycarbonate is constant, it should not contribute to the redox spectral changes and hence
it should not interfere with the results from the t-test. However, the polycarbonate background can
overpower the Raman peaks from the biomarkers. In this study, the background from neither the
polycarbonate nor the glass slide were removed for signal analysis, since this would have reduced the
signal-to-noise ratio and does not contribute to the recognition of large scale changes to the Raman
spectra. The material of the microfluidic system and Raman spectroscopic acquisition parameters will
be optimized for further experiments.

Overall the new design of the gas-tight microfluidic system gives the extraordinary possibility
to simultaneously perform (a) single-cell Raman spectroscopic studies to investigate mitochondrial
biomarkers (redox state) and (b) patch-clamp experiments to study the Kv-channel activity under
normoxic/hypoxic conditions. This new method might elucidate the molecular mechanism of how
hypoxia—or the subsequent change in the cellular redox state—inhibits Kv-channels and how this
process may initiate HPV.

5. Conclusions

A gas-tight microfluidic system with the option to simultaneously carry out Raman spectroscopic
measurements and patch-clamp experiments on the single cell level was developed. The system was
designed to easily fit onto a common culture dish having a glass bottom for microscopic investigations.
The fragile patch-clamp pipette could be inserted via a flexible latex glove that enabled 3D movement
of the pipette. In this study, the microfluidic system was tested regarding the oxygen content and the
possibility to perform Raman spectroscopic investigations on single cells. The results show that the
microfluidic system generated a stable and lower O2 content already after one minute compared to the
commonly used experimental setup, where the culture dish is exposed to open air while flushed with
oxygen free buffer. This significantly reduces the stress on the PASMCs. The Raman spectroscopic
time-series showed that the spectral changes were much more pronounced in the new gas-tight
microfluidic system compared to the open system. The new design of the flow system shows great
promise for future single cells investigation to elucidate the process underlying HPV by performing
Raman spectroscopy and patch-clamp simultaneously under truly hypoxic conditions.
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1. Introduction

Hypoxia (i.e., oxygen (O2) shortage in 
tissues and cells) is not only crucially 
involved in physiological conditions, such 
as angiogenesis[1] or erythropoiesis[2] but 
also critically contributes to the pathogen-
esis of major global causes of mortality, 
such as myocardial ischemia, stroke, 
chronic lung disease, and cancer.[3–6]

To minimize fatalities and pathological 
consequences of acute or chronic O2 defi-
ciency, the ability to sense and adapt to 
hypoxia is of fundamental importance.[7] 
Consequently, understanding the mole-
cular processes and pathways underlying 
O2 sensing may aid the development of 
new treatment strategies for human dis-
eases that are related to O2 deficiency. 
However, despite major advances in 
understanding the cellular response to 
chronic hypoxia via hypoxia-inducible 

factor (HIF) signaling, the mechanisms modulating this 
pathway (e.g., via mitochondrial metabolites or reactive oxygen 
species (ROS)) remain controversial.[8] Moreover, despite 
intense research over the last decades, the underlying mole-
cular mechanism of acute cellular O2 sensing, in particular, 
the acute response to mild hypoxia is not yet fully elucidated 
and severe controversies exist.[8,9] There is, however, a con-
sensus that conserved features of acute O2 sensing in mam-
malian cells include i) an alteration in the redox state that is 
determined by mitochondria or reduced nicotinamide adenine 
dinucleotide phosphate (NADPH) oxidases and ii) a change 
in activity of O2-sensitive ion channels such as voltage-gated 
potassium (K+) channels, controlling membrane potential. 
Such sensing processes trigger cell-type specific responses to 
hypoxia, for example, the contraction or relaxation of vascular 
smooth muscle cells.[7,10,11] Furthermore, they may induce pro-
longed responses affecting chronic O2 sensing, such as HIF 
modulation by succinate accumulation or changes in ROS.[12] 
Although these processes are pivotal for maintaining O2 
homeostasis (e.g., carotid-body-mediated adaptation of respir-
atory frequency and heart rate or modulation of the vascular 
tone by O2 demand), the exact contributions of the different 

The ability to sense changes in oxygen availability is fundamentally important 
for the survival of all aerobic organisms. However, cellular oxygen sensing 
mechanisms and pathologies remain incompletely understood and studies 
of acute oxygen sensing, in particular, have produced inconsistent results. 
Current methods cannot simultaneously measure the key cellular events 
in acute hypoxia (i.e., changes in redox state, electrophysiological proper-
ties, and mechanical responses) at controlled partial pressures of oxygen 
(pO2). The lack of such a comprehensive method essentially contributes to 
the discrepancies in the field. A sealed microfluidic system that combines 
i) Raman spectroscopy, ii) patch-clamp electrophysiology, and iii) live-cell 
imaging under precisely controlled pO2 have therefore been developed. 
Merging these modalities allows label-free and simultaneous observation of 
oxygen-dependent alterations in multiple cellular redox couples, membrane 
potential, and cellular contraction. This technique is adaptable to any cell type 
and allows in-depth insight into acute oxygen sensing processes underlying 
various physiologic and pathologic conditions.

The ORCID identification number(s) for the author(s) of this article 
can be found under https://doi.org/10.1002/smtd.202100470.
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mitochondrial complexes, NADPH oxidases, and cellular redox 
state to O2 sensing remain unclear.

To date, one of the major limitations (and at least partly 
the cause of the discrepancies) in studies of the multifacto-
rial processes underlying cellular O2 sensing has been the 
requirement for the use of several complementary techniques. 
A comprehensive technology allowing simultaneous assess-
ment of the cellular and mitochondrial redox state, membrane 
potential, and cellular functional reactivity along with tight con-
trol over partial O2 pressure (pO2) has not been available. Fur-
thermore, the methods often used to assess the cellular redox 
state (imaging techniques based on fluorescent dyes,[13] for 
example, NAD(P)H autofluorescence,[14] overexpressed fluores-
cent redox-sensitive proteins,[15] NAD(P)H-specific sensors,[16] 
or spectrophotometry,[17] or biochemical techniques such as 
liquid chromatography or immunoblotting)[18–21] have impor-
tant limitations. The biochemical techniques require staining, 
fixation, and destruction of cells or tissues, and consequently 
only allow investigation of a certain biomarker at a single time-
point. The imaging techniques can be combined with other 
techniques and are generally valuable for tempo spatial analysis 
of the redox state, but they can only investigate a few biomol-
ecules simultaneously. Furthermore, imaging techniques pose 
a potential risk for cross-reactions of overexpressed proteins or 
fluorescent dyes with other cellular redox couples.[22]

Use of Raman spectroscopy to assess the mitochondrial and 
cellular redox state avoids the limitations associated with bio-
chemical and imaging techniques. Raman spectroscopy can 
detect a range of biomarkers (e.g., DNA, lipids, and proteins) 
in a single spectrum without staining or destruction of the 
sample,[23,24] and is currently one of the most precise options to 
measure the cellular and mitochondrial redox state in living cells. 
In addition, Raman spectroscopy can be combined with patch-
clamp electrophysiology,[25,26] which enables high-resolution 
recordings of membrane potential and ionic currents—even on 
single-channel level—in excised membrane patches, individual 
cells, or tissue sections.[27] Due to its unrivaled signal-to-noise 
ratio, patch-clamp electrophysiology is regarded as the gold 
standard for the measurement of cellular electrophysiological 
responses to hypoxia.[3,4,8,9] However, studying the electrophysi-
ological response to acute hypoxia requires precise regulation of 
pO2 and rapid switching between normoxia and hypoxia, while 
still allowing access for the patch pipette. Application of acute 
hypoxia in open patch-clamp chambers by continuous perfu-
sion with solutions purged with hypoxic gas mixtures[8,26,28] often 
leads to reoxygenation due to dilution with ambient O2, rendering 
tight control over pO2 impossible and delaying the application of 
acute hypoxia to the cells.[26] The need for precise regulation of 
pO2 resulted in the development of a microfluidic system with a 
fixed patch-clamp pipette and optical tweezers to steer single sus-
pended cells towards the pipette.[29] However, no full patch-clamp 
protocol could be established and the measurement of adherent 
cells, such as pulmonary arterial smooth muscle cells (PASMCs), 
was inoperable. More recently, we developed a sealed microflu-
idic system that allowed simultaneous Raman spectroscopy and 
the general possibility to perform patch-clamp electrophysiology 
via a mobile patch-clamp pipette.[26]

We have now further improved our approach, constructing 
an innovative microfluidic system that combines Raman 

spectroscopy and patch-clamp electrophysiology—the current gold 
standards for the investigation of the cellular redox state and elec-
trophysiological properties—with simultaneous live-cell imaging 
to determine the contraction of single living PASMCs that are 
acutely exposed to precisely defined levels of pO2. PASMCs are 
specialized oxygen sensing cells that contract in response to acute 
hypoxia which helps the pulmonary vasculature to divert blood 
from poorly oxygenated to well-oxygenated lung areas and thereby 
optimize arterial pO2. The technique presented here can be easily 
adapted to any other cell type and adjusted to other biomarkers of 
interest, and thereby provides for the first time the unique oppor-
tunity to measure directly and simultaneously the key features of 
O2 sensing (i.e., biomolecular, electrophysiological, and mechan-
ical responses) in single living cells.

2. Results

2.1. Design and Manufacturing of the Microfluidic System

The design of the microfluidic system was based on i) the number 
of required in- and outlet pipes (i.e., inflow, outflow, patch pipette, 
reference electrode, and O2 sensor) and ii) the shape of the cul-
ture dishes used for cell culture (Figure 1a–d). The lower opening 
of the pipe for the patch pipette (= measurement section) was 
centered in the microfluidic system (see Figure 1c and Figure S1, 
Supporting Information). Consequently, a cell within the bound-
aries of the measurement section was accessible to the patch 
pipette for electrophysiological recordings while being at the 
same time centered to the beam pass for laser and LED light for 
Raman spectroscopy and live-cell imaging, respectively. When 
assembled with the cell culture dish, the microfluidic channel’s 
height was determined by the distance between the underpart 
of the microfluidic system and the dish’s lowered glass bottom, 
which was 175 µm.

Microfluidic systems are extremely sensitive to changes in 
pressure or flow rates. Such alterations might cause the fluid to 
rise into the pipes of the microfluidic system, which would not 
only hamper patch-clamp recordings but also delay the transi-
tion between oxygenation states due to the unintended mixing 
of distinct perfusates. To determine the fluid level and velocity 
in the measurement section for different pipe-diameters, we 
performed time-dependent simulations using computational 
fluid dynamics.[30] A volume of fluids model was implemented 
to account for both the gas and liquid phase (for more details 
see the Methods section). The results of this simulation are 
summarized in Table 1 and show the predicted fluid build-up 
in the measurement section for different diameters of the inlet, 
outlet, and patch pipette channel. The simulations confirmed 
a well-ordered flow inside the microfluidic system (Figure  1e) 
and no significant rise of fluid into the pipes could be detected 
(Figure 1f and Table 1) when an inlet diameter of 2.0 mm, outlet 
of 5.0  mm, and patch pipette channel of 7.0  mm was chosen. 
Detailed technical specifications on the final pipe’s dimen-
sions, that is, diameters and angles, are provided in Table 2 and 
Figure S1, Supporting Information, respectively.

Upon design, the microfluidic system was manufactured 
from a monolithic piece of polymethylpentene, a polymer 
showing little interference with the Raman lines of the 
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targeted biomarkers cytochrome c (with reduced/oxidized 
iron (Fe2+/Fe3+)), as well as the reduced and oxidized form 
of nicotinamide adenine dinucleotide (NADH and NAD+, 
respectively). (Figure S2, Supporting Information). The 
pipes of the distinct components were milled by computed 
numerical control (CNC) drilling (see Table  2 and Figure S1,  
Supporting Information, for technical specifications). To 
ensure easy handling and insertion into the culture dish as 
well as the possibility to fix the system to the microscope stage, 
excess material was removed from the microfluidic system (see 
Figure 1a,b and Figure S1, Supporting Information).

2.2. Sample Preparation and Experimental Procedure

Murine PASMCs from C57BL/6J mice were isolated 7 to  
10 days prior to experiments and grown on commercially 
available glass bottom dishes that were subsequently used for 
the experiments.

In preparation for the experiments, the reference electrode, 
O2 sensor, and inlet and outlet tubes were mounted to their 
respective pipes within the microfluidic system. To avoid any 
air or fluid leakage, these components were either tightly fit 
to their respective channels or sealed via polyetheretherketone 

Figure 1. Design of the sealed microfluidic system. a) Isometric photograph of the microfluidic system. b) To prevent unwanted movements during 
experiments, the microfluidic system was securely fixed to the microscope stage via clamps (highlighted with a white arrow). c) Top and d) side view 
of the microfluidic system (①), containing pipes for the patch pipette (②), outlet (③), reference electrode (④), O2 sensor (⑤), inlet (⑥), and sealing 
ring (⑦). Dimensions are given in mm. e) Streamlines of velocity of the liquid phase from inlet to outlet. Arrows display the fluid velocity sampled with  
1 s rate. f) The volume fraction of the liquid phase in a vertical plane at t = 100 s indicates a negligible fluid build-up in the pipe for the patch pipette.
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(PEEK) one-piece fingertight fittings and their corresponding 
ferrules (see methods section for details). All components 
remained attached throughout the measurement day, pro-
viding simple and efficient handling. All components could be 
removed for cleaning purposes.

Prior to experiments, the outer edges of the microfluidic 
system were coated with a thin but continuous layer of vacuum 
grease. Although vacuum grease was found to be sufficient to 
prevent any lateral leakage during experiments, a sealing ring 
as a precautionary measure was permanently mounted to the 
outside of the microfluidic system (see Figure 1d).

The cell culture medium was removed from the PASMCs in 
the culture dish by pipetting. As the remaining fluid, that is, 
cell culture medium, would have hampered adequate sealing 
by vacuum grease, the periphery of the dish was thoroughly 
dried with cotton buds. Afterwards, the assembled microfluidic 
system was placed in the culture dish containing the PASMCs 
and securely fixed to the microscope stage with commercially 
available clamps (Warner Instruments, Hamden, USA, see 
Figure  1b). This tight fixation not only prohibited accidental 
movements of the microfluidic system during experiments but 
additionally provided good thermal contact to the heated micro-
scope stage, which offered the opportunity to perform measure-
ments at physiological temperatures, that is, 37 °C.

Upon fixation, the chamber was immediately perfused with 
Tyrode's solution from a gravity-driven perfusion system. This 
perfusion system consists of fluid reservoirs that were filled with 
Tyrode´s solution and gassed with either a normoxic (21% O2, 
5.3% carbon dioxide (CO2), rest nitrogen (N2)) or a hypoxic (1% 
O2, 5.3% CO2, rest N2) gas mixture. The solution was delivered to 
the microfluidic system via a multichannel inline heater that not 
only preheated the solutions to 37 °C, but also served as a mani-
fold with minimal dead space. Electronic valve control of the 

tubes connecting the reservoirs with the heater—and thus the 
microfluidic system—allowed seamless shifts between normoxic 
and hypoxic solutions at constant physiological temperatures.

Raman spectroscopy and live-cell imaging could be achieved 
without interference by using well-separated wavelengths  
(i.e., a 635 nm red light-emitting diode (LED) for imaging and 
a 532  nm laser (green) for Raman scattering; Figure 2a,b).  
The patch pipette was inserted and sealed with a thin-
walled highly flexible rubber insulation (Figure  2b). A sche-
matic overview of the experimental procedure is shown in 
Figure  2c. To summarize, measurements were performed 
while changing the solution from normoxia to hypoxia and 
back to normoxia (recovery). The pO2 and the cellular mem-
brane potential were continuously recorded, while images 
were taken during the transitions (i.e., normoxia/hypoxia and 
hypoxia/recovery). Raman spectra were taken when a stable 
membrane potential was achieved.

2.3. Raman Spectroscopy for Monitoring Redox States  
of Mitochondrial and Cellular Biomarkers

In respiring mitochondria, the redox state of the individual 
mitochondrial chain complexes is highly dynamic, depending 
on the O2 supply.[31] Sufficient hypoxia can reduce individual 
mitochondrial chain components and result in increased cel-
lular NADH/NAD+ and cytochrome c Fe2+/Fe3+ ratios, which 
can be estimated by Raman spectroscopy without affecting cel-
lular integrity.[8,32,33] In order to investigate a hypoxia-mediated 
alteration in cellular and mitochondrial redox state in PASMCs, 
Raman spectra were taken under the three different conditions 
(normoxia, hypoxia, and recovery; Figure  2c) and processed 
according to the scheme shown in Figure 3a. For more details 
regarding processing and analysis of Raman data, see the 
Experimental Section.

The unprocessed Raman spectra featured variations between 
individual experiments and a background signal (Figure S3, 
Supporting Information). Via subtraction of the individual 
spectra from each experiment (hypoxia − normoxia and 
recovery − hypoxia), a difference spectrum was computed for 
each reading in order to i) eliminate spectral components that 
were unaffected by changes in pO2, ii) remove the background, 
and iii) reduce differences between individual measurements. 
The resulting difference spectra for each redox state are dis-
played in Figure 3b.

The redox state of the targeted mitochondrial biomarkers 
NADH, NAD+, and cytochrome c (Fe2+/Fe3+) was estimated by 
comparing the experimental data with reference spectra from 
the literature.[34,35] A linear combination indicating the differ-
ence between the experimental data and the processed refer-
ence spectra were derived through least-squares fitting. This 
approach allows the selective targeting of all spectral compo-
nents that are connected to biomarkers of interest by studying 
the overall structure of the molecular vibrations. The con-
structed difference spectrum was finally estimated as:

0.12 0.29
0.93 0.74

Hypoxia Normoxia NADH NAD

cyt c(Fe ) cyt c(Fe )2 3

S S S S
S S

− ≈ − +
−

+

+ +
 (1)

Table 2. Specifications of diameter and angles of the different pipes.

NO Channel Ø [mm] Angle [⦨]

2 Patch pipette 7.0 45°

3 Outlet 5.0 55°

4 Reference electrode 2.0 45°

5 Oxygen sensor 1.0 45°

6 Inlet 2.0 60°

Table 1. Time-resolved fluid build-up in the measurements section of 
the microfluidic system determined by fluid simulation for distinct pipe 
diameters. The parameters highlighted in grey, showing the least fluid 
build-up, were used for manufacturing the microfluidic system.

Fluid build-up [mm]

Ø [mm] Inlet 2.0 2.0 2.0

Outlet 5.0 4.0 2.0

Patch pipette 7.0 4.0 4.0

Time [s] 50 0.39571 1.26691 1.41328

100 0.48592 1.26862 1.41453

150 0.55461 1.27099 1.41624

200 0.60666 1.27378 1.41781
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where S is the spectral signal for each oxygenation state or the 
respective biomarker. The Raman spectra revealed that hypoxia 
induced an increase in NADH and cytochrome c (Fe2+) while 
a decrease in NAD+ and cytochrome c (Fe3+) was observed 
(Figure  3b and Table 3). The opposite behavior was detected 
when the PASMCs were reoxygenated (recovery). The obtained 
linear combination was correlated with the calculated differ-
ence spectrum by 46% (Pearson’s linear correlation coefficient, 
two-tailed: P <  10−30) for the transition to hypoxia and by 49% 
(Pearson’s linear correlation coefficient, two-tailed: P  <  10−30) 
for recovery.

The increases or decreases of each individual Raman peak of 
the biomarkers are presented together with the results of a one-
sample t-test in Table 3.

2.4. Oxygen Sensing and Patch-Clamp Electrophysiology

Polymethylpentene is regarded as a gas-permeable polymer. To 
control the efficient sealing of the microfluidic system against 
putative and unwanted influx of environmental O2, pO2 was 
continuously recorded via an optical O2 sensor that was placed 

inside the microfluidic system (Figure  1c,d). Stable hypoxic 
conditions of 44.9 ± 2.3 mmHg pO2 were achieved 54.6 ± 3.0 s  
(mean  ±  SEM, n  =  4) after starting perfusion of the hypoxic 
bath solution (Figure 4a). This is significantly faster than in 
an open perfusion system (see Figure S4, Supporting Informa-
tion) which took 178.8 ± 20.0 s (mean ± SEM; n = 5; unpaired 
t-test, two-tailed: P = 0.0009) to achieve hypoxic conditions of a 
similar level, despite having an identical perfusion velocity of 
1.5 mL min−1. In addition, no reoxygenation-related fluctuations 
in pO2—as often observed in open systems[26] or in response to 
undesired O2 leakage—were detected in our improved micro-
fluidic system (Figure 4a).

Concomitant with the evenly decreasing pO2 (Figure  4a,b), 
an immediate increase in the cellular membrane potential 
with depolarization by 10.8 ± 4.0 mV (mean ± SEM, n = 4) was 
observed in patch-clamp recordings (Figure 4a,c). Interestingly, 
the membrane potential plateaued at a pO2 of 44.9 ± 2.3 mmHg 
(mean  ±  SEM, n  =  4), with further lowering of pO2 showing 
no additional effect (Figure 4a). The extent of hypoxia-induced 
depolarization was similar to that observed in a conventional 
open system, which showed a hypoxia-induced increase in 
membrane potential by 11.7  ±  3.0  mV (mean  ±  SEM; n  =  5; 
unpaired t-test, two-tailed: P  =  0.9). However, an almost four-
fold faster time course was observed in the microfluidic system: 
Whereas the depolarization did not plateau until 181.6 ± 18.0 s  
(n  =  5) after initiating hypoxic exposure in an open system, a 

Figure 2. Experimental setup and procedure. a) Schematic depiction of the experimental setup with ① microfluidic system (in-house design), ② patch 
pipette (EPC 10 USB Headstage, HEKA Electronics), ③ outlet, ④ agar bridge reference electrode (ABR-1, Warner Instruments), ⑤ O2 sensor (Bare Fiber 
Minisensor OXB430, Firesting O2, PyroScience), ⑥ inlet, ⑦ light source (LED635, Thorlabs), ⑧ microscope objective (UPlanSApo, 20x, Olympus), ⑨ 
dichroic mirror (ZT532/640/NIRrpc, Semrock),  beamsplitter (45:55 (R:T) Pellicle, Thorlabs), ,  edge filter (532 EdgeBasic, Semrock),  focusing 
lens (Focusing Lens, 30 mm, Biconvex),  optical fiber (PN:SR-OPT-8002, LEONI Fiber Optics),  digital camera (Mako U-503B, Allied Vision),  
Raman laser (532 nm, Altechna), and  Raman spectrometer (Shamrock 303i, Andor Technology). CMOS, Complementary Metal Oxide Semiconductor.  
b) Picture of the microfluidic system, illuminated with red LED for imaging and green laser light for Raman scattering. c) Schematic overview of the 
experimental procedure.
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Figure 3. Raman difference spectra of PASMCs under distinct pO2. a) Data processing scheme from raw Raman spectra to linear regression. b) Raman 
difference spectra of mitochondrial and cellular biomarkers in PASMCs under distinct pO2 (hypoxia − normoxia (upper panel, red) and recovery − 
hypoxia (lower panel, green)). The shaded area around each trace defines the standard error of the mean (SEM), while least square fitting is shown as 
a black line. Dashed colored lines indicate the Raman peaks for the targeted biomarkers NADH (purple), NAD+ (pink), and cytochrome c (Fe2+, yellow; 
Fe3+, orange). A.U., arbitrary units.
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stable depolarization was already observed at 52.6  ±  3.0 s in 
the microfluidic system (mean  ±  SEM; n  =  4; unpaired t-test, 
two-tailed: P = 0.0004) (Figure 4a). As seen for the redox state, 
the hypoxia-induced depolarization was fully reversible upon 
return to normoxia (Figure 4a,c).

2.5. Visualization of Cellular Contraction via Live-Cell Imaging

PASMC depolarization is known to induce calcium (Ca2+) influx, 
thereby initiating cellular contraction.[8] For quantification of the 
hypoxia-induced contraction of single cells, image series were 
recorded during the transition from i) normoxia to hypoxia and 
ii) hypoxia to recovery (Figure  4a). The resulting images were 
processed using image correlation[36,37] and segmentation to 
estimate the cellular contraction (Figure  4d; for details, see the 
Methods section). Representative pictures under normoxia and 
hypoxia are shown in Figure  4e,f. Upon hypoxic exposure, the 
PASMCs contracted while simultaneously showing the changes 
in redox state and membrane potential described in the previous 
sections (Figure 4a,d,g). However, in contrast to the reversibility 
of redox state and membrane potential, the hypoxia-induced con-
traction continued (albeit at a decreased rate) upon return to nor-
moxic conditions (recovery; Figure 4a,d).

3. Discussion

The key features of acute O2 sensing in mammalian cells 
include i) changes in the cellular and mitochondrial redox state, 

ii) the electrophysiological response (e.g., changes in mem-
brane potential) and iii) the resulting cellular reaction (e.g., 
the contraction of pulmonary vascular smooth muscle cells).[10] 
To fully elucidate the molecular events underlying the mul-
tifactorial processes of cellular O2 sensing, these key features 
should preferably be observed simultaneously in the same 
cells. To address this need, we have developed a multimodal 
and label-free technique that can be applied to a wide variety of 
O2-sensitive cells.

The core of the presented technique is a sealed microflu-
idic system that enables multimodal recordings (Raman spec-
troscopy, patch-clamp electrophysiology, and live-cell imaging) 
under tightly controlled and continuously measured pO2. The 
microfluidic system allows user-friendly replacement of the 
patch pipette capillary and fits onto commercially available 
culture dishes with a lowered glass bottom, which is econom-
ical, allows the exchange of samples with minimal effort, and 
enables measurement of adherent cells without the need for 
enzymatic or mechanical dissociation, which could negatively 
influence cellular viability, function or response. Commercially 
available imaging cell culture dishes are routinely equipped 
with a lowered glass bottom (compared to the cell culture dish’s 
periphery), which is not only advantageous to enable high-
quality live-cell imaging and Raman spectroscopy but is a pre-
requisite for fluid flow within the microfluidic system. Conse-
quently, cell culture dishes with an entirely flat bottom would 
not be compatible with our microfluidic system.

Furthermore, the time span for switches between normoxic 
and hypoxic pO2 can be varied by the choice of the perfusion 
velocity, that is, higher flow rates to achieve faster pO2-switches 

Table 3. Changes in Raman peaks of mitochondrial and cellular biomarkers during transition from normoxia to hypoxia and subsequent recovery.

Biomarker Raman peak [cm−1] Hypoxia [↑/↓] Recovery [↑/↓] Assignment Reference

NADH 942 ↑ (P = 0.0010) – (P = 0.1000) Nicotinamide [35]

991 ↑ (P = 0.0200) ↓ (P < 0.0001) Nicotinamide [35]

1098 ↑ (P = 0.0002) ↓ (P < 0.0001) Nicotinamide, phosphate [35]

1608 ↑ (P = 0.0200) ↓ (P = 0.0007) Nicotinamide [35]

1688 ↑ (P = 0.0070) ↓ (P = 0.0070) Nicotinamide [35]

NAD+ 888 – (P = 0.6000) ↑ (P < 0.0001) Phosphate [35]

1035 (↓) (P = 0.0700) ↑ (P = 0.0100) Nicotinamide [35]

1119 ↓ (P = 0.0200) ↑ (P = 0.0010) Ribose, pyrophosphate [35]

1313 ↓ (P = 0.0030) ↑ (P < 0.0001) Adenine [35]

1333 – (P = 0.8000) ↑ (P < 0.0001) Adenine & ribose [35]

1580 ↓ (P = 0.0002) ↑ (P = 0.0100) Adenine, ribose & nicotinamide [35]

Cytochrome c (Fe2+) 752 ↑ (P = 0.0020) ↓ (P < 0.0001) ν15 Pyrrole breathing [34]

806 – (P = 0.6000) ↓ (P < 0.0002) ν6 Pyrrole breathing [34]

1127 – (P = 0.4000) ↓ (P = 0.0090) ν22 Assymmetric pyrrole half ring [34]

1505 ↑ (P = 0.0060) ↓ (P = 0.0200) ν3 Spin-state [34]

Cytochrome c (Fe3+) 569 – (P = 0.4000) ↑ (P = 0.0015) ν21 Pyrrole folding [34]

1582 ↓ (P = 0.0006) ↑ (P = 0.0300) ν19 Spin-state [34]

1638 ↓ (P = 0.0470) ↑ (P = 0.0009) ν37 Spin-state [34]

Peaks for the targeted biomarkers were assigned as depicted in the Raman difference spectra in Figure 3b. An upward arrow (↑) indicates an increase in peak intensity, a 
downward arrow (↓) indicates a decrease, and a hyphen (-) indicates no change. Intensities of the individual peaks of the difference spectra were analyzed by a one-sample 
t-test (two-tailed, n = 4); the resulting P values are displayed in brackets.
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Figure 4. Validation of the setup with regard to electrophysiological and mechanical response of PASMCs to hypoxia. a) Representative traces for 
simultaneous recording of membrane potential (dark blue), pO2 (grey), and PASMC contraction (turquoise). Color-coded arrows indicate time-points of 
data taken for statistical analysis of pO2 (see panel (b)), membrane potential (see panel (c)), and contraction (see panel (d)). The time intervals during 
which Raman spectra were taken are indicated by shaded colored areas (light blue, red, and green for normoxia, hypoxia, and recovery, respectively). 
No images were taken during hypoxic Raman spectroscopy, hence the turquoise line is dashed for this interval. b–d) Statistical analysis of experiments 
depicted in panel (a). Data were analyzed by one-way ANOVA followed by Tukey’s post hoc test and are shown as mean ± SEM (n = 4). e,f) Visualiza-
tion of PASMC contraction: bright-field image of PASMCs under normoxia (e) and hypoxia (f). g) Segmented displacement magnitude for visualization 
of contraction. High intensities (white) indicate areas of contraction. Scale bar = 30 µm.
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and vice versa (see Figure S5, Supporting Information). How-
ever, high perfusion velocities could induce undesired noise in 
patch-clamp recordings or lead to detachment of the cell during 
experiments. In contrast, lower perfusion velocities would not 
have unwanted effects with regard to noise and cell viability 
but would delay the application of hypoxia. In the present 
study, 1.5  mL min−1 was found to be optimal to ensure rapid 
application of hypoxia with minimal noise, while maintaining 
the cell’s viability. However, the decision on perfusion velocity 
can be individually taken and is determined by the specific sci-
entific question that the user intends to answer.

Raman spectroscopy, which detects vibrational energy levels of 
specific molecular bonds, allowed for the simultaneous, specific, 
and label-free determination of cellular and mitochondrial bio-
markers that are possibly involved in acute O2 sensing in mam-
malian cells (i.e., cytochrome c (Fe2+/Fe3+) or NADH/NAD+).[8] 
To enable Raman spectroscopy of these biomarkers, a laser wave-
length was chosen that is in resonance with cytochrome c.[34] Fur-
ther, the microfluidic system was made of a polymer with limited 
interference with the Raman peaks of the targeted biomarkers 
(Figure S2, Supporting Information). Notably, with the technique 
presented here, other cellular molecules or biomarkers of interest 
could be investigated by choosing either a distinct polymer, a dis-
tinct laser wavelength, or both. Moreover, the microfluidic system 
can be combined with other imaging techniques, for example, 
fluorescence, Ca2+-imaging, or coherent techniques. Thus, our 
approach is applicable to most scientific questions related to 
redox signaling in O2 sensing processes.

For analysis of biomarkers, Raman spectra were analyzed 
using linear regression of the complete difference spectral data. 
This approach resulted in an adequate correlation over the 
entire spectral area. Compared with analysis of certain Raman 
peak intensities only, examining the correlation of the complete 
spectral region is beneficial for the following reason: Many pos-
sible Raman peaks of distinct molecules overlap with those of 
other molecules and can thus be associated with different pos-
sible biomarkers, which could lead to faulty interpretation of 
the data. In our study, the linear regression model was based on 
reference spectra from the scientific literature, which required 
an adaptation of the intensities. However, direct recording of 
Raman spectra from the targeted biomarkers in a pure form, 
in different oxygenation states, and with the same setup should 
eliminate the need to adjust the spectra. The Raman spec-
troscopic results, presented in Figure  3 and Table  3, showed 
reversible changes in the redox state of the targeted biomarkers 
in response to hypoxia. The correlation implies that the linear 
combination, acquired by classical least square fitting, explains 
a significant portion of the difference spectra. However, not 
all information in the difference spectra can be explained by 
NADH/NAD+ and cytochrome c (Fe2+/Fe3+). Therefore, adding 
ancillary biomolecules involved in cellular O2 sensing and sign-
aling processes (e.g., ubiquinone,[38,39] calmodulin,[40] or phos-
pholipids;[41] Figure S6, Supporting Information) to the linear 
regression may be advantageous. In larger studies, multivariate 
analysis (e.g., principal component analysis or linear discrimi-
nant analysis) could be used to classify the data further and to 
gain insights into differences in the resulting spectra. However, 
these data-driven methods would not enable direct assessment 
of the contributions of selected biomolecules.

In patch-clamp measurements, the observed hypoxia-induced 
membrane depolarization is in accordance with well-recognized 
findings from several laboratories reporting a hypoxia-induced 
inhibition of voltage-gated K+ channels.[8,31,42–44] The resulting 
increase in membrane potential is crucial for the initiation of 
hypoxic pulmonary vasoconstriction or systemic vasodilation. 
Here, we performed whole-cell current-clamp recordings to 
determine membrane potential. However, patch-clamp measure-
ments could similarly be performed in voltage-clamp mode to 
measure ionic currents involved in O2 sensing processes. More-
over, due to the versatile patch pipette, all conventional patch-
clamp configurations for single-channel recordings (cell-attached, 
inside out, or outside out) are applicable in the presented setup.

Consistent with the observed change in redox state and mem-
brane depolarization, we observed hypoxia-induced contraction 
of PASMCs by implementing simultaneous live-cell imaging 
during the transitions between normoxia and hypoxia. Although 
the ongoing contraction upon return to normoxia (recovery), as 
observed by live-cell imaging, is in contrast to the fully reversible 
membrane potential as well as the behavior of the cellular and 
mitochondrial biomarkers, it highlights the possibility of corre-
lating the ongoing cellular processes in a time-resolved manner. 
Furthermore, it might reveal a currently unknown coupling of 
events, which requires further investigation.

4. Conclusion

Although our multimodal setup has here been used to measure 
PASMCs, it is applicable and transferrable to any other cell 
type. Consequently, this technique may enable new measure-
ment opportunities in a wide variety of scientific applications. 
The results presented here conclusively demonstrate that our 
multimodal approach allows—for the first time—simultaneous 
measurement of the cellular processes involved in O2 sensing. 
Thus, our technique has the unique ability to provide an unam-
biguous picture of the key cellular events underlying all mam-
malian O2 sensing processes. Moreover, our technique has the 
potential to allow direct observation of the upstream or down-
stream effects of pharmacological or genetic interventions that 
target these key events.

5. Experimental Section
Cell Isolation and Sample Preparation: The isolation of murine 

PASMCs from C57BL/6J mice was approved by the “Institutional Animal 
Investigation Care and Use Committee” and the appropriate governmental 
committee (AZ G70/2019). Seven to 10 days prior to experiments, PASMCs 
from three male mice at the age of 12–16 weeks were isolated as previously 
described[45,46] and grown on glass bottom dishes (35/10  mm, Greiner 
Bio-One, Frickenhausen, Germany). Note, that approximately 60–70% of 
the cell culture dish´s growth area (glass bottom) should be covered with 
cells (i.e., a confluency of 60–70%). Although a confluency of less than 60% 
does not necessarily prohibit successful experiments, it might lower the 
chance of cells being present in the measurement section.

Design and Manufacturing of the Microfluidic System: The microfluidic 
system was designed in 3D CAD software (Siemens NX, Siemens AG, 
Munich, Germany) to fit onto a commercial cell culture dish with a 
lowered glass bottom (35/10 mm, Greiner Bio-One) that was suitable for 
both imaging and Raman spectroscopy. For insertion of all components 
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(i.e., electrodes and perfusion tubes) and to promote optimal fluid 
flow inside the microfluidic system, the pipes within the microfluidic 
system were arranged at specific angles (⦨): 60° for the inlet, 55° for 
the outlet, and 45° for the patch pipette, oxygen sensor, and reference 
electrode (Table 2 and Figure S1, Supporting Information). To make the 
design as compact as possible, the ends of the pipes for the reference 
electrode and the O2 sensor were merged into the outlet and inlet pipe, 
respectively (Figure  1c). The pipes of the inlet and the O2 sensor were 
equipped with a thread hole for insertion of PEEK one-piece fingertight 
fittings and their corresponding ferrules (Scantec, Mölndal, Sweden). 
During mounting of the components, that is, tightening of the PEEK-
fittings, the ferrule was crimped onto the O2-sensor and inlet tube, 
respectively, and ensured the gas- and fluid impermeability of these 
pipes. In addition, the pipes for the outlet tube, the rubber insulation 
for the patch pipette, and the reference electrode were designed to be 
tight-fit to their respective components. The geometry chosen for the 
pipes in combination with the fittings and ferrules ensured a tight seal 
between the distinct components and the microfluidic system, thus 
reliably preventing air or fluid leakage through undesired gaps.

After design, the microfluidic system was milled in polymethylpentene 
using a computer numerical control machine (Friedrich Deckel AG, 
FP5NC, Munich, Germany). All edges of the microfluidic system were 
cut to 45° and excess material was removed (Figure 1a,c).

Fluid Simulations of the Microfluidic System: The fluid flow through 
the microfluidic system was too complex to be solved analytically and 
was therefore simulated with computational fluid dynamics using 
the commercial software Ansys CFX 16 (ANSYS, Inc., Canonsburg, 
Pennsylvania, USA). Different microfluidic cell geometries with varying 
configurations of pipes for the inlet, outlet, and patch pipette were created 
and discretized into tetrahedral grids with 120k–150k nodes, and flow 
properties were solved in each computational node in the grids. Ansys CFX 
uses an element-based finite volume method to discretize the equations of 
fluid motion[47] and here a second-order accurate advection scheme was 
used for the momentum and continuity equations and a second-order 
backward Euler scheme for transient terms. The transient solver for laminar 
flow was used with a convergence criterion of root mean square residuals 
below 10−6 and the transient time step was chosen as 0.01 s with a total 
simulation time of 200 s. The inlet boundary condition was approximated as 
a constant velocity in the normal direction of the inlet, the outlet boundary 
was set as an average static pressure of −0.2 bar and all walls were given a 
no-slip boundary condition. A volume of fluids model was implemented to 
account for both the gas and liquid phase.[48] The fluids in the simulation 
were defined as water at 37 °C and air at 25 °C, and the flow rate in the 
simulations was perpetually set to 5  mL min−1. The time-dependent 
simulations were then performed to investigate the rise of fluid levels into 
the measurement section as well as the flow field in the cell chamber.

Patch-Clamp Electrophysiology: Fire-polished patch pipettes with a 
tip resistance of 3–5 MΩ were pulled from borosilicate glass capillaries 
(Sutter instruments, Novato, California, USA) using a DMZ universal 
electrode puller (Zeitz, Martinsried, Germany). Afterwards they were 
filled with an intracellular analogous solution containing 105  mm  
K+-aspartate, 25  mm KCl, 4  mm NaCl, 1  mm MgCl2, 4  mm Mg-ATP, 
10 mm EGTA, and 10 mm HEPES (pH adjusted to 7.2 with 1 m KOH). 
Liquid junction potential (+12.3  mV) was corrected electronically and 
cellular membrane potential was recorded in current-clamp mode  
(I = 0, whole-cell configuration). Data were filtered at 2.9  kHz and 
sampled at 50  Hz using an EPC10 USB single amplifier (HEKA, 
Lambrecht, Germany) controlled by Patchmaster software (HEKA).

During patch-clamp recordings, PASMCs (grown in passage 0) were 
continuously perfused with extracellular analogous bath solution (Tyrode’s 
solution: 126.7  mm NaCl, 5.4  mm KCl, 1.8  mm CaCl2, 1.05  mm MgCl2, 
0.42 mm NaH2PO4, 22 mm NaHCO3, and 10 mm Glucose, pH 7.4) at a 
continuous flow rate of 1.5 mL min−1. The Tyrode’s solution was pre-heated 
to 37  °C using an in-line solution heater (SHM-8, Warner Instruments, 
Hamden, USA) and gassed with either a normoxic (21% O2 (≙ 
159.7 mmHg), 5.3% CO2 (≙ 40.3 mmHg), rest N2) or a hypoxic (1% O2 (≙ 
7.6 mmHg), 5.3% CO2, rest N2) gas mixture. The solution was delivered to 
the microfluidic system via a gravity-driven and valve-controlled perfusion 
system (VC3-8xG, Ala Scientific Instruments, Farmingdale, New York, 

USA). An optical O2 sensor (Bare Fiber Minisensor OXB430, Firesting 
O2, PyroScience, Aachen, Germany) which was connected to an analog-
digital channel of the patch-clamp amplifier continuously logged the pO2 
inside the microfluidic system. The pO2 trace was time-corrected by 3.3 s, 
since the default response time of the O2 sensor in liquids was 3.3 ± 0.5 s  
(mean ± SEM, n  = 6). For patch-clamp recordings, the patch pipette 
was inserted into the microfluidic system via an electronically driven 
micromanipulator (MP-225, Sutter Instruments). After insertion of the 
patch pipette, the channel was sealed with a thin-walled rubber insulation. 
The insulation enabled a flexible and precise 3D-movement of the patch 
pipette, which was only limited by the boundaries of the microfluidics’ 
pipe. Analysis was performed with Fitmaster software (HEKA), Igor Pro 
7 (Wavemetrics, Lake Oswego, Oregon, USA), and Prism (GraphPad 
Software, San Diego, California, USA).

Image Acquisition and Processing for Estimation of Cellular Contraction: 
For image acquisition, the microfluidic system was illuminated with 
a red LED (LED635, Thorlabs, Newton, New Jersey, USA) that was 
mounted above the microfluidic system (Figure 2a). Image acquisition 
was initiated simultaneously with the switch from normoxia to hypoxia 
and the switch from hypoxia to recovery (Figure 2c). Time series of 50 
consecutive images were acquired with a frame rate of 1.5 images s−1 
using a complementary metal-oxide semiconductor (CMOS) camera 
(Mako U-503B, Allied Vision, Thuringia, Germany) with a resolution of 
2592 × 1944 pixels and a pixel size of 2.2 µm.

A schematic workflow of the image processing is outlined in Figure S7,  
Supporting Information. First, image correlation was used to estimate 
the hypoxia-induced contraction of the PASMCs by applying an in-house 
C-code initially created for speckle correlation.[49] For calculations, 
the first image of each experiment served as the reference frame. The 
total 2592  ×  1944 pixels per image were divided into image patches 
of 256  ×  256 pixels, each separated by 32 pixels. This resulted in a 
resolution of 81  ×  60 patches per image. To determine specifically 
the motions associated with cellular contraction, the patch pipette 
and detached cells were masked by manually applying operators of 
mathematical morphology using the functions imdilate and imerode 
in MATLAB R2019a (MathWorks, Massachusetts, USA) with circular 
structuring elements. Finally, using the MATLAB function graythresh,[50] 
a constriction threshold was computed to separate and exclude those 
pixels that exhibited negligible motion from those of the silhouette of the 
PASMC (Figure S7, Supporting Information). This procedure separated 
the cellular contraction from background movements. An average 
PASMC contraction was then estimated for each consecutive frame 
(Figure  4a,d,g). To show the contraction of the PASMCs with adequate 
resolution, the MATLAB function OpticalFlowFarneback was used and the 
intensities were enhanced with histeq as seen in Figure 4g and Figure S7, 
Supporting Information. These functions allowed the full image resolution 
to be retained in order to show clearly the outline of the PASMCs, but the 
precision did not match that of the actual image correlation.

Raman Acquisition and Processing: For Raman acquisition, a Shamrock 
303i spectrometer (Andor Technology, Belfast, UK) equipped with a 
532  nm diode-pumped solid-state (DPSS) laser (Altechna, Vilnius, 
Lithuania) was connected to the microscope objective. Raman spectra 
were recorded with an integration time of 3 × 5 s and a laser power of 
34 mW measured after the neutral density filter.

To remove all static information in the acquired spectra (i.e., 
fluorescent background and molecular vibrations that were not affected 
by changes in O2 levels), difference spectra (hypoxia − normoxia and 
recovery − hypoxia, respectively) were calculated with MATLAB R2019a 
(MathWorks) and used for further analysis. This approach specifically 
separated the O2-sensitive molecular vibrations from the entire Raman 
spectra. Note that the standard deviation of the measurement noise 
will increase as σ σ σ′ = +1

2
2
2  (assuming Gaussian-distributed noise), 

where σ1,2 and σ′ are the noise standard deviations of the initial and 
resulting signals respectively.[51] To circumvent noise accumulation, the 
data were upsampled by acquiring three measurements per O2 level 
(normoxia, hypoxia, and recovery). Three measurements for the three 
different O2 levels yield 3 × 3 = 9 difference spectra for both the transition 
from normoxia to hypoxia and from hypoxia to recovery. For four distinct 
experiments, the sample size becomes 4 × 3 × 3 = 36 difference spectra.
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The difference spectra were processed through an in-house-developed 
Monte Carlo Savitzky–Golay filter, which was designed to reduce 
subjective influences in choices of filter parameters and optimize the 
result to resemble a biomarker signature (see the paragraph on MATLAB 
implementation at the end of this section). A conventional Savitzky–
Golay filter applies input variables for polynomial order and segment 
length. The filter proceeds to iterate over the signal and replaces 
the observed signal with a reconstruction based on values from local 
optimally fitted polynomials.[52] A dictionary of Chebyshev polynomials 
as basis vectors for the fitting was utilized. An objective choice of filter 
parameters was achieved by randomizing in a Monte Carlo fashion, 
using a maximum polynomial order of five and a segment length of up 
to 15 pixels. For a random set of filter parameters, the signal was filtered 
and then added to a weighted sum until the signal had converged. The 
weighting was done by correlation with a random linear combination of 
spectra from known biomarkers (cytochrome c (Fe2+/Fe3+) and NADH/
NAD+, see next paragraph) which yields the correlation coefficient,

∑
∑ ∑( )( )

( ) ( )
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∆ Θ
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S i i
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i i

2 2
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where ΔS is the processed difference spectrum and Θ is the randomized 
linear combination of biomarkers. For each iteration, the filtered signal 
(ΔS) was then multiplied by |r|2, before addition to the cumulative sum 
of results. After iterating over many random filter parameters, the signal 
converged to a processed signal that was optimized to resemble an 
unknown linear combination of a set of biomarkers. A schematic of the 
whole Raman analysis, including the filtering, is shown in Figure 3a – the 
remaining steps of the scheme are explained in the following section.

Raman Spectra Reconstruction of the Biomarkers NADH and 
Cytochrome c: The Raman signal from a PASMC was the linear 
combination of the Raman spectra of all molecular bonds of the cell that 
were affected by the emitted laser line. The spectral changes due to the 
molecular vibrations of cytochrome c (Fe2+/Fe3+) and NADH/NAD+ can 
be estimated as a linear combination of their respective spectra. The 
spectra were derived from the work of Hu et al.[34] and Yue et al.,[35] by 
fitting Lorentz peaks to their results,
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where Ai, ai, and bi are the amplitude, position,, and width of the i:th peak, 
respectively. The reconstructions were made in the range 550–1700 cm−1,  
to overlap with the spectral region of the experiments.

Linear Regression of Adjusted Biomarker Raman Spectra: By least-
squares fitting, the processed difference spectrum can be decomposed 
into components that can be associated with the respective biomarker 
spectra. The NADH/NAD+ and cytochrome c spectra were reconstructed 
from measurements performed with an excitation wavelength of 515[34] 
and 413 nm,[35] respectively. A consequence of the excitation wavelengths 
being different from that of the experimental setup (532 nm) was that 
the peak intensities were likely to be different. Therefore, the peak 
intensities Ai were adjusted to improve the fitting of the processed 
difference spectra to highlight the changes. The adjustment was done by 
minimizing the cost function,

max{ |( 1) | }, 1,2
1
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where S(A) is a matrix containing biomarker spectra, A is an array with 
all the intensities for the individual Lorentz peaks (Equation (4)) in each 
spectrum, and ΔS1,2 is the processed difference spectrum for the two 
consecutive transitions—normoxia to hypoxia and hypoxia to recovery. 
The optimization was done with the simplex search method.[53] The 
initial biomarker spectra and their adjusted counterparts are shown in 
Figure S8, Supporting Information.

MATLAB Implementation of the Monte Carlo Savitzky–Golay Filter: 
This section contains two MATLAB functions, implemented in MATLAB 
R2019a (MathWorks). The first function was the Monte Carlo Savitzky–
Golay filter used in this work to process difference spectra acquired 
from Raman measurements. The second function was used by the main 
function to generate the Chebyshev dictionary used as a basis in the 
Savitzky–Golay filter.

Matlab Function 1: function [mu, sigma] = f(data,ref,order,segment,
maxiter)

%Output mean signal, mu, and standard deviation, sigma. Indata 
is the unprocessed data, x, and a reference signal that is assumed to 
exist in unfiltered data. Savitzky–Golay coefficients are chosen randomly 
in the range given by order and segment ([min_value, max_value]). The 
number of iterations is set by maxiter.

mu = zeros(size(data,1),1);
variance = zeros(size(data,1),1);
for i = 1 : maxiter
%randomize filter parameters
polyorder = min(order) + randi(diff(order) + 1)−1;
polysegment = min(segment) + randi(diff(segment) + 1)−1;
%chebyshev polynomial basis vectors
y = linspace(−1, 1, polysegment);
x = linspace(−1, 1, size(data,2));
C = Cheby2D(x, y, polyorder);
D = reshape(C, [size(C,1) * size(C,2), size(C,3)]);
%Savitzky–Golay filter
T = padarray(data(:,randperm(size(data,2))), 

[polysegment,…0],“replicate”);
r = zeros(size(T,1), 1);
id = polysegment+round(0.5*polysegment);
for j = 1 : size(data, 1) + polysegment + 1
t = T(j : j + polysegment−1,:);
t = t(:);
patch = D * (D \ t);
r(j) = patch(id);
end
r = r(polysegment + 1 : end−polysegment);
%Correlation with random linear combination of ref
a = 2*rand(size(ref,2), 1)−1;
c = corr(r, normc(ref * a));¨
%Calculating weighted average and variance
mu = mu + (ref * abs(c));
variance = variance + (abs(c) * r).^2;
end
mu = mu/maxiter;
variance = variance/maxiter−mu.^2;
sigma = sqrt(variance);
end
Matlab Function 2: function Z = Cheby2D(x,y,n)
%Chebyshev polynomial basis vectors in space defined by x and y, up 

to order, n.
[X,Y] = meshgrid(x(:),y(:));
[N,M] = size(X);
Zx = ones(N,M,n+1);
Zy = Zx;
Zx(:,:,2) = X;
Zy(:,:,2) = Y;
for i = 3 : n+1
Zx(:,:,i) = 2*X.*Zx(:,:,i−1) + Zx(:,:,i−2);
Zy(:,:,i) = 2*Y.*Zy(:,:,i−1) + Zy(:,:,i−2);
End
index = [nchoosek(0:n,2);nchoosek(n: −1:0,2)];
index(sum(index,2)>n,:) = [];
index = index + 1;
Z = ones(N,M,1+size(index,1));
for i = 2 : size(index,1) + 1
Z(:,:,i) = Zx(:,:,index(i−1,1)).*Zy(:,:,index(i−1,2));
End
end
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There is no true standard for preprocessing Raman spectra of brain tissue. Different preprocessing 

methods can result in a variety of outcomes and the choice of method may determine which features 

appear in the data. This can result in ambiguity and lack of transparency, which causes difficulties in 

reproducibility. The aim of the study is to compare six common preprocessing methods on data from 

fresh brain tissue samples. Preprocessing was either performed with different baseline correction 

algorithms in combination with Savitzky-Golay filtering, or a neural network that was trained on 

synthetic data to do both baseline correction and noise reduction. The outcome was analyzed using 

principal component analysis, where k-means was used for clustering and GAP-statistics for the 

estimation of the number of clusters. The spectra looked different in post-processing from alternate 

methods, features such as visibility and quotas could be different, resulting in a variation of the number 

of clusters from changing preprocessing. The results underscore the importance of communicating how 

data has been prepared. 

Introduction 
The current annual rate of new cancer cases in the brain or the central nervous system worldwide is 

around 300,000 1. Primary brain tumors or, more commonly, cancer can metastasize to the brain causing 

secondary tumors. More than 80% of primary brain tumors can be classified as highly malignant and 

they are characterized by metabolism of 5-aminoleuvolinic acid (5-ALA) to protoporphyrines that can 

be visualized by fluorescence techniques during surgery. The remaining less malignant low-grade brain 

tumors do not metabolize ALA and fluorescence technique can therefore not be used to aid in tumor 

removal. The purpose of our research is to develop a method to assist neurosurgeons in real time during 

resection of especially low-grade cancerous brain tissue. 

Delineation of brain tumor tissue while leaving functional tissue intact is a difficult task. Several aids 

are in use, such as fluorescence guided surgery using blue light microscopy 2 or spectroscopy 3,4 but 

these methods are all limited by an oral administration of 5-aminoleuvolinic acid (5-ALA) prior to 

surgery. A method to detect low-grade tumors, preferably without the need for additional drugs is 

therefore needed.  

Raman spectroscopy is a label free optical technique that measures molecular fingerprint through 

inelastic scattering from a monochromatic laser source. Raman spectroscopy has been demonstrated as 

a method for performing cancer detection 5-9. In addition to spectroscopy, coherent Raman imaging 

techniques are making advancement in histology 10-13. With modern hand-held probe systems, Raman 

spectroscopy is feasible as a technique for in vivo classification of cancerous tissue 14-16. For a Raman 

probe system to be useful measurements must be both quick and accurate. It has often been the case 

that multiple Raman spectra have been used to achieve high specificity. To achieve the desired speed, 

it is necessary to perform classification from a single measurement. 

A Raman spectrum contains fluorescence, noise, cosmic rays, and background influences. 

Preprocessing is the methodology applied to prepare measurements for direct comparisons. There are 

many recognized methods for preprocessing of Raman spectra, there is, however, no universal standard. 

Raman preprocessing includes baseline correction, cosmic ray removal and filtering. For baseline 

correction, polynomial fitting is often the chosen modality; either through direct least squares fitting, or 

through an iterative procedure that gradually updates the baseline estimate until it is placed snugly 

beneath the measured signal 17,18. Other methods for baseline correction include mathematical 



morphology 19. Cosmic rays appear as outliers in the spectrum with higher intensity than the rest of the 

measurement, therefore they can be removed by computing the median from a series of measurements 

or by employing a second derivative 20. Noise is, most often handled by a smoother where the Savitzky-

Golay (SG) filter is a popular choice 21. The SG filter employs a local polynomial fitting surrounding 

every pixel of the signal and replaces the original data with the center value of the fitted segments. Most 

preprocessing methods require the user to choose parameters that dictate the outcome, which ultimately 

renders the procedure subjective. Objectivity can be achieved by adding a rule to computationally 

determine the set of parameters, such as cross-validation 22. Preprocessing of Raman spectra can also 

be done using a pretrained artificial neural network that does not require any input parameters 23.  

The aim of this study was to investigate how different preprocessing methods affect the outcome from 

a set of Raman spectra from fresh brain tissue samples. Raman spectra were acquired from fresh brain 

tissue samples in both the fingerprint and the high wavenumber region. The resulting spectra was 

preprocessed using a baseline correction algorithm and a SG smoother. The baseline correction 

algorithms chosen for this study were polynomial, iterative polynomial (Vancouver) 18, msbackadj 

(matlab 2021a, mathworks, US), rollingball 19 and the second derivative. In addition, to these methods 

a neural network trained on synthetic data was included 23. Data exploration was conducted on the 

preprocessed data using principal component analysis (PCA) 24, and t-distributed stochastic neighbor 

embedding (tSNE) 25. The data was clustered using k-means 26, where GAP-statistics was used to 

estimate the number of clusters 27. The preprocessing was repeated from a range of parameter choices, 

where the variables that resulted in the largest elbow value in the GAP-statistics were kept for 

visualization of the distribution of the preprocessed Raman spectra. 

Methods 

 

Figure 1: Overview of the experimental procedure for analysis of Raman preprocessing methods on 

Raman spectra of fresh brain tissue samples. Raman spectra were recorded using a microscope as 

represented on the left-hand-side. After measurements the tissue samples underwent neuropathological 

analysis. The spectroscopic data was preprocessed individually before employing data exploration with 

PCA and tSNE. 

Measurements 

Patients and samples 

A total of 34 samples from 16 patients (mean age 58, range 27 to 80 years, 8 females) with suspected 

low- or high-grade tumor resected at Linköping University Hospital were included in the analysis. All 

patients gave written informed consent (EPM 2020-01404).  
 



Raman setup and measurements 

Raman measurements were conducted using a continuous wave diode pumped solid state laser of 

wavelength 532 nm laser (DPSS 532 laser, Altechna, Lithuania). The sample was illuminated through 

a microscope objective (40x, LUCPLFLN, Olympus, Japan). The spectral signal from the tissue sample 

was separated from the laser line by dichroic optics (532 nm RazorEdge Dichroic and EdgeBasic, 

Semrock, MA, USA), before being guided to the spectrometer (Shamrock 303i, Andor Technology, 

Belfast, UK). The spectrometer was operating at -70◦C with a slit opening of 50 µm. An illustration of 

the in-house built Raman microscope can be seen in Figure 1. The setup was installed onto a carriage 

and moved into the Department of Neurosurgery at Linköping University Hospital where measurements 

on fresh tissue samples could be performed in a facility next to the operating room (OR).  

 

Each sample was placed on a new microscope slide in front of the objective. A series of alternating 

fingerprint (350 cm-1 to 2230 cm-1 ) and high wavenumber (1870 cm-1 to 3430 cm-1 ) acquisitions were 

made. In each point, three averages of 5 s integration time were made. The procedure was repeated for 

three laser intensities 3, 9, 18 mW. Depending on the size of the tissue sample, the entire procedure was 

repeated once more.  
 

Data analysis 

Neuropathology 

After measurement each sample was placed in formalin and sent for standard histopathological analysis 

including slicing, hematoxylin and eosin (H&E) staining, and if applicable, molecular markers were 

used to conclude patient diagnosis. Additionally, a rigorous analysis was conducted by a senior 

pathologist (MH). For each of the 34 samples the tissue was grouped into rough percentages of a) low- 

or b) high-grade tumor, c) marginal zone, d) necrosis and e) no tumor tissue. Tumor grading in group 

a) and b) is applicable to brain tumors, not metastases. Whenever relevant, proliferation status (KI-67), 

methylation percentage (O6-methylguanine-DNA-methyltransferase (MGMT) methylation) and 

isocitrate dehydrogenase (IDH) mutations were noted. Based on the additional analysis each sample 

was classified. In the case of ambiguous samples, the most severe group determined sample 

classification (similar to the clinic). Due to the heterogeneity of the collected samples (B groups), the 

samples were clustered into six groups according to the WHO CNS tumor classification system 28: 

glioma, meningioma, tumors of the sellar region, metastases, and no tumor. 

Preprocessing (and analysis) 

Four baseline correction methods were used: i) Polynomial fitting using a Chebyshev basis 29. ii) Zhao 

et al’s iterative polynomial fitting, referred to as Vancouver 18. iii) Rollingball 19. iv) msbackadj, a 

commercial baseline correction function (Bioinformatics Toolbox, Matlab R2021a, Mathworks). These 

methods were evaluated in combination the Savitzky-Golay filter 21. In addition to these methods a 

neural network was employed, which was trained from synthetic data to perform baseline reduction and 

smoothing 23. A Matlab (R2021a, Mathworks) script for training of the network can be found in 

supplementary materials. Prior to the application of these methods, cosmic rays were removed by 

calculating the median of three consecutive measurements. All data were normalized using the L2-

norm. 

 

The methods were evaluated through the following procedure: 

1. Preprocessing. 

a. Baseline correction (one of the following algorithms): 

i. Polynomial – order 1 to 8. 

ii. Vancouver – order 1 to 8. 

iii. Rollingball – automatic parameter estimation. 

iv. msbackadj – segment length and step size 50 to 250 pixels, in steps of 50 pixels. 

v. Control – unaltered baseline. 

b. Smoothing: Savitzky-Golay – order 1 to 3 and segment length 5 to 15 pixels. 

c. Neural network (alternative to 1.a and 1.b).  



2. PCA and tSNE (for all variables in 1).  

a. Calculate PCA 24. 

b. Calculate two-dimensional tSNE 25 – initialized in the plane of the two most dominant 

principal components. 

c. k-means clustering 26 - 104 initializations, clusters 2 to 25 (GAP-statistics 27). 

3. Estimation of spectral features (for parameters in 1. that resulted in largest GAP-value in 2.). 

a. Visualize the clusters in scatter plots, with boundaries based on k-means and data 

colored according to neuropathologically determined categories. 

b. Compute cluster means, 

𝑦�̂� = ∑
𝑦𝑖

𝑁cluster
𝑖 ∈ cluster

, (1) 

where, 𝑦𝑖 , are the independent measurements and 𝑁cluster is the number of samples in the 

𝑗:th cluster. 

 

Referring to Figure 1, the first step in the analysis scheme was identified as the preprocessing of the 

raw Raman spectrum. The elbow method with GAP-statistics to estimate the number of clusters from 

the PCA and tSNE followed. The final step in Figure 1, was the visualization of clusters with colored 

dots based on neuropathology and boundaries based on the data driven methods. The mean Raman 

spectrum for each cluster could hence be analyzed to identify the molecular influences in the resulting 

clusters.  

Results and Discussion 
Table 1: Summary of results from neuropathology. 

 

 

Neuropathology 
The sample categories and distribution of the 969 measurement points are found in Table (1) where 

gliomas were the largest group (13 tissue samples, 379 Raman measurements) and tumors of the sellar 

region the smallest group (3 samples, 34 Raman measurements). Necrosis was present in two 

glioblastoma samples and all the metastases. The majority of one diffuse astrocytoma and the pituitary 



granular samples were non tumor tissue. Samples in the ‘non tumor tissue’ group included gliosis and 

tissue associated with cysts. 

Raman fingerprint 
 

 

Figure 2: Clustering results from Raman data in the fingerprint region, when having preprocessed the 

data with different methods (subfigures A to F) prior to computing the principal components and the 

two-dimensional projection using tSNE. Each dot resembles different measurements, colored to 

indicate the neuropathological labelling. The clusters are labeled with a letter to indicate the primary 

spectral feature observed in the cluster mean (T: tissue, C: carotenoid, N: neuroglobin, H: hemoglobin, 

B: background, *: deviations from the primary cluster identifier). 

The fingerprint region in spectroscopy is a spectral domain that contains complex patterns, it ranges 

from about 400 cm-1 to around 1700 cm-1. We have preprocessed Raman spectra from brain tissue 

samples in the domain 350 cm-1 to 2230 cm-1 and observed that there are different numbers of distinctive 

features depending on the preprocessing used to prepare the measurements for data explorative 

methods.  

Figure 2 shows scatter plots of the PCs from the same data set, when projected onto a plane using tSNE, 

after preprocessing with six different methods (see methods section). The neural network, Figure 2F), 

resulted in six distinctive clusters, while polynomial fitting for baseline reduction and Savitzky-Golay 

smoothing resulted in twice as many clusters. These two methods resulted in the least and the greatest 

number of clusters, respectively.  



 

Figure 3: Preprocessed Raman spectra from fresh brain tissue using different methods. A) Mean of a 

cluster with a spectral feature with influences of protein and lipids (T in cluster analysis). B) Spectral 

features of protein and lipids, but at different peak intensities (T* in cluster analysis). C) Carotenoid 

signature (C in cluster analysis).  

 

The background (B) measurements are closely packed in all subfigures of Figure 2. The locations of 

points in the PC space are arbitrary if they reside in close vicinity to one another, they exhibit similar 

features. The background measurements were included in the training of the PCA for two reasons: They 

contain a feature that is expected to exist to some degree through the entire data set, and act as a well-

defined control. There were spectra that the neural network preprocessed such that they resembled the 

background, the spectral signature in these measurements did not contain any strong peaks other than 

those of the microscope slide. There are clusters labeled as tissue (T) that have features that can be 

associated with proteins and lipids, see Figure 3A). Vibrational modes at 1312 cm-1 and 1467 cm-1 can 

be assigned to lipids 30. Carbon stretching modes of proteins can be assigned to the peak at 1147 cm-1 

30. The peaks at 1560 cm-1, 1645 cm-1 and 1673 cm-1 can be assigned to amide I and amide II, respectively 
30. 1617 cm-1 can be assigned to C2 stretch in proteins 31. There are variations in composition of tissue, 

Figure 3B) shows the spectra from the cluster mean of T* (see Figure 2), in these spectra there are 

pronounced peaks at 960 cm-1, 995 cm-1, 1287 cm-1, 1555 cm-1, 1460 cm-1 that can be assigned to 

collagen, glucose, amide II and lipids, respectively 30. The peak at 1514 cm-1 can be assigned to a C2 

stretching mode 32. Note that the 1555 cm-1 peak was only visible in the result from the polynomial-

based methods, but other peaks have significantly higher contrast than what results from the other 

methods. The cluster labelled as T**, has a mean that resembles that of T, with the exception that there 

was an artefact that appear around 2100 cm-1, in the results from polynomial, Vancouver (also 

polynomial based) and the second derivative. The neural network and msbackadj that did not contain 

an artefact in the T** cluster resulted in it being neighboring to T, which is the expected tendency for 

two resembling clusters. T*** shows influences of the spectral profile of hemoglobin, which is not an 

unexpected occurrence as hemoglobin is the protein in red blood cells. T*** is typically located in 



between T and H in the tSNE space, where H is the cluster that has been assigned to spectra with strong 

hemoglobin signature identified by peaks at 853 cm-1, 1171 cm-1, 1373 cm-1, 1553 cm-1, 1587 cm-1 

and 1638 cm-1 33. The exception being the second derivative, where the different T clusters are located 

around the outer region of the tSNE space, and the globin signatures are located towards the center. 

Note that there is a cluster labelled as H*, this group has a strong hemoglobin signature in the mean but 

with more residual baseline and slight influences of background and tissue signatures, this group is 

absent in the results from both the second derivative and the neural network. T**** is a cluster that 

only exists for the baseline reduction with polynomial or the second derivative, and it is associated with 

a spectral mean that largely resembles T** but it does not have the artefact that occurred for those 

methods. For Vancouver that also had an artefact from preprocessing in the T** cluster, the same data 

occur scattered into different tissue (T) clusters. Further, there existed spectral signatures that can be 

associated with neuroglobin (N) and carotenoids (C). Both molecules exhibit strong spectral signatures, 

and only appear in data that was neuropathologically labeled as cancerous. The spectral mean of 

neuroglobin contains strong peaks at 752 cm-1, 1301 cm-1, 1357 cm-1, 1510 cm-1 and 1604 cm-1 34, but it 

also contains influences of the three carotenoid peaks at 1001 cm-1, 1155 cm-1 and 1511 cm-1 35. The 

carotenoid spectrum from the mean of cluster C, can be seen in Figure 3C). C* shows a strong 

carotenoid signal, but the signal has influences of a spectral signature of vibrational modes from proteins 

and lipids. C** on the other hand have slight influences of a neuroglobin signature. Carotenoids have 

been observed in Raman studies for classification of brain tissue before 36, it is however not a very 

common observation. There are two possible reasons why carotenoids appear in this study and not in 

others. Firstly, other studies may have performed some sample preparation to wash the samples to avoid 

influences of blood or other spectral disturbances. Secondly, in this study we have used a 532 nm laser, 

that is in resonance with neuroglobin, carotenoids and many other molecules in the fingerprint region – 

this is often something that other researchers have avoided by choosing a laser in the near infrared to 

lessen the influence of fluorescence 37.  

Raman high wavenumber 
The high wavenumber region of Raman spectra from biological samples, are unlike the fingerprint 

region more sparsely populated with peaks. The peaks at 2850 cm-1, 2890 cm-1 and 2940 cm-1 have 

significant importance for cancer classification. The peak at 2850 cm-1 can be associated with CH2 

symmetric stretch 30. Similarly, 2890 cm-1 is the vibrational mode of CH2 asymmetric stretch 30. 2940 

cm-1 is typically associated with CH3 symmetric stretch 30. Differences in rations between these peaks 

have been used as an indicator of different tissue type, as they indicate changes in the protein/lipid 

density 30. In Figure 4, clusters that have protein and lipid peaks as their primary spectral identifier have 

been labeled as T. There are clusters that have a mean signal that resembles that of T, except for 

differences that occur above 3100 cm-1 - peaks above this threshold are typically associated with 

stretching modes of water 8,38,39. Spectra that have prominent peaks associated with proteins, lipids and 

water have been labeled as W, in Figure 4. There are subdivisions of W into the clusters with the labels 

WA (peaks at 3173 cm-1 and 3222 cm-1, WB (peak at 3142 cm-1), and WC (peaks at 3105 cm-1 and 3155 

cm-1). The spectra were in most cases sorted into T or W, where the exceptions were those spectra that 

looked like background measurements, B, or came from patients who had been given 5-ALA prior to 

surgery. As mentioned in the introduction, 5-ALA, is a precursor molecule that is metabolized into 

protoporphyrin IX, to enable fluorescence guided resection 40, which is why this group has been labeled 

as P. 



 

Figure 4: Clustering results from Raman data in the high wavenumber region, when having 

preprocessed the data with different methods (subfigures A to F) prior to computing the principal 

components and the two-dimensional projection using tSNE. Each dot resembles different 

measurements, where they are colored to indicate the neuropathological labelling. The clusters are 

labeled with a letter to indicate the primary spectral feature observed in the cluster mean (T: tissue, W: 

water, B: background, *: deviations from the primary cluster identifier). 

The number of clusters in the high wavenumber region varied from 3 to 13 depending on the 

preprocessing method. Rollingball resulted in the smallest number of clusters, where many of the 

spectra had features that resembled those of the background measurements (B). The neural network 

also had non-background measurements that did resemble that of the background, but to a smaller 

degree than for Rollingball. The reason for this behavior is weak Raman peaks in combination with a 

strong fluorescent baseline, where some methods have more prominent residuals that result in a 

different clustering outcome. The spectral mean of the second cluster for the Rollingball algorithm (T), 

can be seen in Figure 5A, along with closest matching signal from the other methods. The spectral 

features associated with water (>3100 cm-1) was more dominant than any alterations seen in 

proteins/lipids (2850 cm-1, 2900 cm-1, 2940 cm-1), see Figure 5B, which shows the Raman spectra of 

WA. The spectra of WA have a variety of neuropathological labels – this pattern resembles the 

observations for hemoglobin (H), in the fingerprint region. However, WA also contains several 

measurements labeled as meningioma, these were shown to often contain neuroglobin signatures in the 

Fingerprint region. WA thereby contains data associated with two different globin signatures, one that 

resides within plasma 33, and one that can occur within cerebrospinal fluid (CNF), a solution that is 

chemically similar 40. The peak 3173 cm-1 and 3222 cm-1 can therefore be associated with OH stretches 

in either plasma or CNF. For polynomial or Vancouver (also polynomial based), W*A was a cluster that 

had high correlation with WA, but the noise appears more prominent. In the results from the second 



derivative WA was missing and the data scattered into different clusters. The clusters that have been 

labeled with WB often contain data with the neuropathological label of meningioma and had a 

carotenoid signature in the Fingerprint region. Like globins, carotenoids occur within both blood plasma 

and CNF 33,41, and since the spectra was devoid of a blood signature in the Fingerprint region, there is 

an implication that 3142 cm-1 peak can be assigned to CNF containing carotenoids. There were also 

spectra in the Fingerprint region from samples of metastasis that had strong carotenoid peaks, these 

were typically found in one of the clusters labeled with P. The results from the second derivative to this 

are the only notable exception that sorted the metastasis data into WC. The cluster WC contains 

measurements from different pathological labels, where a considerable number of them bear the no 

tumor label. This data has peaks at 3105 cm-1 and 3155 cm-1 that cannot be associated with any other 

molecular compound than that of water. As mentioned, data labeled with the metastasis label might be 

expected to be found in T or W, but it was typically found in P, as the patients had been given 5-ALA 

prior to surgery. The protoporphyrin signal from metabolized 5-ALA is well known from fluorescence 

studies, and we see a prominent peak at 3060 cm-1. There is a decline in the intensity of the 

protoporphyrin signal when comparing glioma with samples from metastasis, which sometimes shows 

up in the clustering due to differences in signal-to-noise ratio, indicated by P* and P**. The spectral 

signature from the most pronounced 5-ALA signal can be seen in Figure 5C). Note that the baseline 

reduction using the second derivative could be deemed to be too severe as it resulted in complete 

removal of the low frequency 5-ALA signal, in this case the residual signal appears to contain mostly 

noise but has still been given the labels P* and P**. 

 

Figure 5: Preprocessed Raman spectra from fresh brain tissue in the high wavenumber region using 

different methods. A) Mean of a cluster with a spectral feature with influences of protein and lipids (T 

in cluster analysis). B) Spectral features of protein and lipids, but with added peaks associated with 

water (WB in cluster analysis). C) Fluorescence peak from metabolized 5-ALA (P in cluster analysis). 



Summary 

 
Figure 6: Summary of GAP-values and the respective number of clusters for preprocessing methods in 

both the fingerprint and high wavenumber region from PCA of Raman spectra of fresh brain tissue 

samples. 

We have shown that changing the preprocessing method changes the clustering, the primary reason for 

this appears to be how much information is deleted by different methods. Figure 6 shows a summary of 

the preprocessing methods employed in this study, the largest GAP-value that was acquired, i.e. the 

number of resulting clusters and the variables necessary to do so. In addition to the results already 

discussed in previous sections additional results have been included in the summary - baseline reduction 

without smoothing, as well as raw data and Savitzky-Golay filtering (without baseline reduction). The 

GAP-value is not a measure on the quality of the preprocessing, but rather a measure on how much of 

the variation that is explained by the clustering. Regardless of method employed for preprocessing, the 

results were typically improved by incorporating a smoother. Smoothing can result in deletion of 

important information by changing the appearance of a spectrum, but it appears to be motivated when 

comparing a single spectrum to many spectra in a database. All methods arrived at the largest GAP-

values in the parameter sweep at different variable choices, this result can be seen as a reminder of the 

importance to communicate what input variables have been chosen in preprocessing. It is often the case 

that some variables are omitted in scientific publications, which can result in difficulties to reproduce 

the results. The neural network does not require input variables, which make it an appealing 

preprocessing technique when addressing this issue. The drawback of the neural network is that if the 

spectrum is more complex than the spectra that was included in the training, the quality of the results is 

reduced 23. It can be argued that the neural network has the variable choices of the preprocessing built 

into the training and the architecture, which can be more complicated to communicate than that of other 

methods. The neural network also appeared to find the least number of clusters that contained distinctive 

features without duplicates (based on estimated features of the clusters in Figure 2 and Figure 4). A 

preprocessing method that results in few clusters seem likelier to result in a more robust classifier, as 

the distinctive features were more universal. A consequence of using a method that results in many 



clusters is that the number of spectra in each cluster begin to drop, and it could follow that a cluster is 

based upon a statistical anomaly rather than actual desirable feature – an example is the artefact seen in 

the results of polynomial, Vancouver and the second derivative. On the contrary, it is possible to miss 

important distinctions in data if the numbers of clusters are insufficient, as was the case with Rollingball 

in the high wavenumber region.  

The reasons why a classifier was not attempted to be trained in the current study were the following: 

There is a group imbalance, with more samples neuropathologically labelled as glioma or meningioma 

than the rest combined. The no tumor group was not taken from actual healthy tissue, it was resected at 

the tumor boundary zone and only recognized to contain no cancer cells through neuropathology. The 

neuropathology revealed that the tissue samples were often inhomogeneous, where the 

neuropathological labels are derived from the most severe cancer form detected, even if there are 

regions that can contain zero cancer cells. The best preprocessing method would be the one that results 

in the most accurate classifier, but because of the arguments just given, this type of analysis cannot be 

performed at the current stage of the project. There are studies where a classifier was built using 

machine learning techniques that does not rely on extensive preprocessing 42. It may be preferred to 

apply a neural network for classification that take raw signals as input, however, it is difficult to acquire 

enough data with accurate labelling. Classifiers based on PCA, or similar methodologies can yield fair 

classifiers with a feasible number of measurements 43, but they require the data to be preprocessed. 

Based on the results from this study, the neural network is our preferred options, because it removes the 

problem with choosing variables, the spectra have both sharp and distinctive peaks without a lot of 

residual baseline, and the final clustering appears to be well separated into suitably large groups.  

Conclusions 
In this study more than 400 spectra from 34 fresh brain tumor tissue samples were investigated with 

Raman spectroscopy. It is shown how different preprocessing procedures results in varying numbers of 

distinctive features by comparing the principal components following preprocessing of spectra. The 

results show that the neural network trained from synthetic data to do both baseline and noise reduction 

was the preferred option of processing. In our upcoming research we aim to perform measurements 

with a hand-held Raman probe setup with the aim of developing an in-vivo classification tool that may 

assist neurosurgeons in their decision-making during surgery. 
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Supplementary Information 
This supplementary note contains a Matlab (R2021a, Mathworks) script for training an artificial neural 

network to perform preprocessing of Raman spectra. 

 

% Training of artificial neural network for preprocessing of Raman spectra. 

% The outline of this code is inspired by Wahl et al. "Single-step 

% preprocessing of raman spectra using convolutional neural networks." 

% Applied spectroscopy 74.4 (2020): 427-438. 

% The implementation requires Matlab's Deep Learning Toolbox™. 

  

% Indata 

M = 2^18; % #spectra 

p = 1024; % #pixels 

v = 0.1; % fraction of data used for validation (rounded) 

Weight = 128; % Weight for data for improved convergence 



  

% generating data 

D = zeros(p,1,1,M); 

A = zeros(1,1,p,M); 

h = ones(p,1)/p; 

h = conv(h,h); 

x = linspace(-1,1,p)'; 

for i = 1 : M 

    B = conv(randn(p,1),h,'same'); 

    P = zeros(p,1); 

    for j = 1 : 4 + randi(12) 

        P = P + rand(1) ./ ( (x-(2*rand(1)-1)).^2 + 1e-3*rand(1)); 

    end 

    B = B / max(B); 

    P = P / max(P); 

    q = 0.9*rand(1)+0.1; 

    n = randn(p,1)/sqrt(p) * rand(1); 

    T = P * q + B * (1-q) + n; 

    T = T - mean(T); 

    D(:,1,1,i) = Weight * T / norm(T); 

    A(1,1,:,i) = Weight * P / norm(P); 

    if rand(1)<0.1 

        fprintf('%f%%\n',i/M*100) 

    end 

end 

  

k = round(M*v); 

Dval = D(:,1,1,1:k); 

Aval = A(1,1,:,1:k); 

D = D(:,1,1,k+1:end); 

A = A(1,1,:,k+1:end); 

  

%Neural network layers 

layers = [ 

    imageInputLayer([p 1 1]) 

    convolution2dLayer([3,1],8,'Padding','same') 

    batchNormalizationLayer 

    reluLayer 

    averagePooling2dLayer([2,1],'Stride',2) 

    convolution2dLayer([3,1],16,'Padding','same') 

    batchNormalizationLayer 

    reluLayer 

    averagePooling2dLayer([2,1],'Stride',2) 

    convolution2dLayer([3,1],32,'Padding','same') 

    batchNormalizationLayer 

    reluLayer 

    convolution2dLayer([3,1],32,'Padding','same') 

    batchNormalizationLayer 

    reluLayer 

    dropoutLayer(0.5) 

    fullyConnectedLayer(10*p) 

    reluLayer 

    dropoutLayer(0.2) 

    fullyConnectedLayer(p) 

    regressionLayer]; 



  

%Training options 

miniBatchSize  = 128; 

validationFrequency = 50; 

options = trainingOptions('sgdm', ... 

    'ExecutionEnvironment','cpu', ...  

    'MiniBatchSize',miniBatchSize, ... 

    'MaxEpochs',30, ... 

    'InitialLearnRate',1e-4, ... 

    'LearnRateSchedule','piecewise', ... 

    'LearnRateDropFactor',0.99, ... 

    'LearnRateDropPeriod',1, ... 

    'ValidationPatience',5, ... 

    'Shuffle','every-epoch', ... 

    'ValidationData',{Dval,Aval}, ... 

    'ValidationFrequency',validationFrequency, ... 

    'Plots','training-progress', ... 

    'Verbose',false);% 

  

%Trainig network 

[net, traininfo] = trainNetwork(D,A,layers,options); 

  

%Example Results from validation data 

for i = 1 : 3 

    T = reshape(Dval(:,1,1,i),[p,1,1,1]); 

    R = predict(net,T); 

    figure; 

    subplot(1,2,1);plot(x,T) 

    subplot(1,2,2);plot(x,R,x,reshape(Aval(1,1,:,i),[p,1,1,1])) 

end 
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