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!Under normal conditions the research scientist is not an innovator but a solver of puzzles, 

and the puzzles upon which he concentrates are just those which he believes can be both 
stated and solved within the existing scientific tradition” 

- Thomas Kuhn - 
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RESUMO

ARTHUR AUGUSTO DE CASTRO, P. Chemometrics of biological tissues using infrared

spectroscopy. 2022. 111 f. Tese (Doutorado em Tecnologia Nuclear), Instituto de Pesquisas

Energéticas e Nucleares, IPEN-CNEN, São Paulo.

As técnicas de espectroscopia vibracional têm sido consideradas para o diagnóstico de doenças. A

espectroscopia de infravermelho com transformada de Fourier (FTIR), em particular, é um método

óptico amplamente adotado na pesquisa biomédica. Isso se deve ao fato de que as imagens de

FTIR permitem a coleta de várias informações moleculares permitindo uma correlação entre

características espectrais e mudanças estruturais. Essa incorporação de aspectos qualitativos e

quantitativos são essenciais para implementar um procedimento quimiométrico que transcreva a

variância espectral em informações significativas. No caso de queimaduras, o grau de dano

tecidual dependerá fortemente de vários fatores, como a gravidade, profundidade e tamanho, o

que, influencia no processo de cicatrização. O tratamento a laser de cicatrizes tem sido usado há

décadas, para o remodelamento pós cicatrização. Porém, técnicas convencionais de laser podem

não normalizar completamente tecido cicatricial maduro, surgiu uma abordagem preventiva da

exposição ao laser durante a cicatrização de feridas. A intervenção precoce já foi investigada em

vários estudos clínicos, mas não existe consenso. Sendo assim, os objetivos deste estudo foram;

investigar o FTIR em análises de tecidos biológicos para oferecer melhores estratégias

quimiométricas; estudar a viabilidade do FTIR para estabelecer um perfil da pele e do tecido ósseo;

e avaliar o efeito do laser na cicatrização de feridas e no desenvolvimento de uma nova

metodologia quimiométrica para desparafinação digital automática. Para tal, foram realizadas

lesões térmicas no dorso de ratos Wistar pela aplicação de vapor d'água a 90°C por 12s.

Posteriormente, no dia 3 pós-queimadura, foi realizada a irradiação do Laser. No procedimento a

laser foram adotados 3 protocolos: 1) Er:glass (SellasEvo®) com 3025FPA, 100mJ, 3s; 2) LLT

com laser vermelho com = 660nm, potência de 40mW; 3) Combinação dos dois lasers com os

parâmetros anteriores. Então, foi realizada uma análise histológica e quimiometrica. Para a

avaliação quimiométrica dos dados, foi desenvolvido um protocolo de análise baseado em um pré-

processamento usando OCTAVVS seguido de implementação se uma baseline, threshold e

aplicação de PCA. A partir desse ponto, as imagens forma classificadas, podem assim, serem



normalizadas e passar pela técnica de Fuzzy C-means (FCM) para determinar as diferenças

espectrais. Nos achados histopatológicos, todos os grupos de laser demonstram um encolhimento

da região da ferida. O Er:Glass, apresentou uma área de retração menor e menor recuperação do

epitélio. O grupo PBM apresenta uma crosta densa. Ambos os tratamentos demonstram um

encolhimento intenso e uma recuperação mais consistente da epiderme. No FCM, três tendências

ocorrem: 1) na faixa de 900-950 cm−1 tem uma amplitude muito reduzida no grupo controle; 2) na

faixa de 1200-1250 cm−1 no grupo controle tem uma amplitude similar demonstrando bandas de

marcadores sensíveis; e 3) as regiões amida fornecem vários marcadores espectrais. O grupo

controle, como esperado, permanece com alterações mínimas nesta região do FTIR. Por outro lado,

no grupo PBM, há um deslocamento de 1660 para 1679 cm−1, o que pode corresponder a alterações

na estrutura molecular de uma proteína no contexto do colágeno tipo I. Ao demonstrar essa

avaliação quimiometrica profunda das queimaduras, pode-se entender o FTIR como uma

alternativa valiosa para a pesquisa de tecidos em um nível bioquímico através de impressões

digitais que podem ser traduzidas em características morfológicas.



ABSTRACT

ARTHUR AUGUSTO DE CASTRO, P. Chemometrics of biological tissues using infrared

spectroscopy. 2022. 111 f. Tese (Doutorado em Tecnologia Nuclear), Instituto de Pesquisas

Energéticas e Nucleares, IPEN-CNEN, São Paulo.

Vibrational spectroscopy techniques have been considered for the diagnosis of diseases. In

particular, Fourier transforms infrared spectroscopy (FTIR) is an optical method widely adopted

in biomedical research. This is because FTIR images allow the collection of various molecular

information enabling a correlation between spectral characteristics and structural changes.

Incorporating qualitative and quantitative aspects is essential to implementing a chemometric

procedure that transcribes spectral variance into meaningful information. In the case of burns, the

degree of tissue damage will strongly depend on several factors, such as severity, depth, and size,

which influence the healing process. Laser scar treatment has been used for decades for post-

healing remodeling. However, conventional laser techniques may not wholly normalize mature

scar tissue, and a preventive approach to laser exposure during wound healing has emerged. Early

intervention has already been investigated in several clinical studies, but there is no consensus.

Therefore, the objectives of this study were; to investigate FTIR in biological tissue analysis to

provide better chemometric strategies; to study the feasibility of FTIR to establish a profile of the

skin and bone tissue, and to evaluate the effect of laser on wound healing and the development of

a new chemometric methodology for automatic digital dewaxing. To this end, thermal injuries

were performed on the back of Wistar rats by applying water vapor at 90°C for 12s. Subsequently,

on day three post-burn, laser irradiation was performed. In the laser procedure, 3 protocols were

adopted: 1) Er:glass (SellasEvo®) with 3025FPA, 100mJ, 3s; 2) LLT with red laser with = 660nm,

power 40mW; 3) Combination of the two lasers with the previous parameters. Then, a histological

and chemometric analysis was performed. For the chemometric evaluation of the data, an analysis

protocol was developed based on a pre-processing using OCTAVVS followed by implementing a

baseline, threshold, and application of PCA.

From that point, the images are classified, they can be normalized and go through the Fuzzy C-

means (FCM) technique to determine the spectral differences. All-laser groups demonstrate a

shrinkage of the wound region in the histopathological findings. Er:Glass, showed a smaller



retraction area and less epithelium recovery. The PBM group has a dense crust. Both treatments

demonstrate intense shrinkage and more consistent recovery of the epidermis. In the FCM, three

trends occur 1) in the range of 900-950 cm−1 it has a significantly reduced amplitude in the control

group; 2) in the range of 1200-1250 cm−1 the control group has a similar amplitude demonstrating

bands of sensitive markers; and 3) the amide regions provide various spectral markers. The control

group, as expected, remains with minimal changes in this FTIR region. On the other hand, in the

PBM group, there is a shift from 1660 to 1679 cm−1, which may correspond to changes in the

molecular structure of a protein in the context of type I collagen. FTIR is a valuable alternative for

tissue research on a biochemical level through fingerprints that can be translated into

morphological features.
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Part I

INTRODUCTION



INTRODUCTION

1.1 introduction

1.1.1

The vibrational spectroscopy techniques have been evaluated and enhanced
as potential tools for disease diagnostics due to their high specificity and
the ability to cover a wide range of molecular species [1, 2], as illustrated
in Figure 1 :

Figure 1 – Infrared spectroscopy image is able to annotate biological tissue

IR Microscope Tissue Sample
Spectral Fingerprints

Chemometric Evaluation Labelled Image
Connective Tissue

muscle

Inflammation

cancer

Source: Adapted from Gewert and co-authors [3]

In most cases, a pathologist evaluates grade based on the morphologic
characteristics of the tissue by examining hematoxylin and eosin (H&E)
stained samples. FTIR imaging allows a collection of spatially specific
molecular information about the tissue [4]. Ultimately, the sensitivity of
the technique will weigh heavily into the consideration of adopting classi-
fication methods, mainly if the automated method can detect the subtle
changes that may be easily missed or undetectable by the pathologist[1, 2,
5].

2



1.1 introduction

One of considerable merit is the application of FTIR imaging to pathology
cases in which conventional histopathology does not readily provide an ac-
curate diagnosis, such as samples that appear to have a benign cellular

morphology, but may have chemical heterogeneity indicative of a partic-
ular cancer type or stage [5]. It is clear from the above information that
FTIR is desirable to assist pathologists in making their diagnoses. In order
to bring FTIR spectroscopy toward clinical application in pathology, it is
essential that the technique enroll in the clinical field as much as possible,
with minimal user interference, within the standard clinical practice and
brings value to the routine and workflow of pathologists. Otherwise, as
depicted in Figure 2, the lack of standardization will mitigate the FTIR
capabilities to improve patient life quality[1].

Figure 2 – Illustration of the main chemical features based on a schemactic adapttation
of the FTIR spectrum.

 

3
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Source: Cameron and co-authors [1]



1.1.2 Objectives

1.1.2 Objectives

to elaborate a chemometric strategy based on the specificities of
biological tissue

to develop a novel chemometric methodology for automatic digital
dewaxing of FTIR images

to use infrared spectroscopy for profiling skin and bone tissue

to present a novel perspective on assessing the laser effect in wound
healing

4
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INFRARED SPECTROSCOPY

2.1 infrared spectroscopy

2.1.1 State of art

Fourier transforms infrared (FTIR) spectroscopy is an optical method
widely adopted in biomedical research as it provides high-speed informa-
tion regarding the vibrational modes of biological molecules, thereby en-
abling a correlation between spectral features and structural changes. Over
the past few decades, FTIR has been used to analyze chemical signatures
that may have biological significance in diagnosing tissue, cells, and bioflu-
ids [1]. A schematic illustration is shown in Figure 1 :

Figure 1 – Illustration of the key chemical features based on a schematic adaptation of
the FTIR spectrum.

Source: Adapted from Lovergne and co-authors [1].

FTIR spectroscopy is a powerful label-free technique that can provide
a spectrum containing absorption bands inherent to the chemical species
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2.1 infrared spectroscopy

present in a sample. Depending on the research field with a gold standard
technique, FTIR can provide chemical support for the sample analysis. For
example, Boateng et al [2] studied mucoadhesion through a texture ana-
lyzer. This technique determines the mechanical force necessary to fracture
an interface between a substrate or mucin and the polymer. As a conse-
quence, it is dependent upon the fracture theory of mucoadhesion. This
physical investigation can be supported by FTIR spectroscopy. Such merg-
ing techniques approach enhance the sample analysis. As a result of this
strategy, Boateng and coworkers showed that mucin diffused independently
through the solvent. However, the Boateng conclusion would be inconceiv-
able without chemometric support to scrutinize the relevant factors in the
FTIR spectrum. Therefore, it is essential to incorporate qualitative and
quantitative aspects of the experiment to implement a chemometric proce-
dure that translates the spectral variance into meaningful information.

2.1.2 Modalities

A proper understanding of chemical-physical properties that can influence
spectrum interpretation requires the consideration of FTIR modalities and
sample structure. All FTIR modalities have relative strengths and weak-
nesses. The infrared spectra can be obtained mainly by attenuated total re-
flection (ATR), transmission, or transflection[8]. ATR-FTIR spectroscopy
provides a single spectrum representing the average signal from the sam-
ple area that light passed through. Additionally, the ATR sampling mode
presents high SNR (signal-to-noise ratio) compared to those obtained by
transflection and transmission configurations. For example, the Boateng
work applied ATR with ZnSe crystal. As a result of multiple internal re-
flections between the ATR crystal and the sample, the interference of water
absorption can be enhanced. Also, the ATR technique can damage fragile
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2.1 infrared spectroscopy

samples because the samples are pressed in direct contact with the hard
ATR crystal. Another critical parameter is the Internal Reflective Element
(IRE). It consists of transparent infrared material with a higher refractive
index than the analyzed specimen. Notably, there is different IRE such as
diamond, Ge, Si, and ZnSe[2] . Even more specifically, there is a limited
depth of penetration (c. 0.23 µm ) due to the refractive index of the IRE
crystal and the sample used [4]. For clarification, possible efforts to repro-
duce Boateng work will not be adequately comparable if the same IRE
is not applied mainly because the change of IRE will alter the depth of
penetration.

In the other context of applications, the influence of sample structure
and FTIR method remains the same. FTIR has been extensively applied in
a variety of applications, for instance, detailing the detection of a specific
disease in dried blood serum or plasma samples, such as the detection of
cancer of the brain [5], prostate [6], bladder [7], lung [8], breast [9],
ovary [10], liver [11] and bile duct [12]. In this context, biomolecules
such as lipids, proteins, nucleic acids, and carbohydrates play an essen-
tial role in the FTIR spectrum, providing metrics to accurately character-
ize clinical and biological specimens and offering helpful information on
the disease status of the specimens. Any spectral artifact could lead to
misclassification of the sample. Infrared spectroscopy is extremely sensi-
tive to changes in hydrogen bonding and, therefore potentially helpful
in obtaining subtle changes in protein structure[13]. One potentially
problematic aspect that has arisen in the application of FTIR is the re-
sulting amplification in the intensity of atmospheric water vapor bands
in the amide bands, which could lead to detrimental effects on the FTIR
spectra of protein[14, 15].

The following section will discuss the main consequences of chemical-
physical properties that affect the spectra. Additionally, several chemo-
metric procedures that can be used to reduce confounding factors are dis-
cussed.

9



2.2 chemometrics procedures in ftir

2.2 chemometrics procedures in ftir

2.2.1�aseline correction and �enoising

All FTIR spectral data are subject to a varying degree of unforeseen and
systematic variations. Therefore, chemometrics procedures regarding pre-
processing for FTIR spectra may be employed to reduce inherent noise
and other possible artifacts, remove redundant data, and optimize the
chemical meaning available for subsequent interpretation. In this sense,
pre-processing methods can be divided into denoising, spectral correction,
and normalization [16]. Various mathematical routines perform baseline
correction and smoothing.

In the FTIR context, follow an initial smoothing using Savitzky-Golay
for denoising purposes and baseline correction using a one-order polyno-
mial (i.e., baseline linear) for spectral correction.

A representative untreated FTIR spectrum was collected and exhibited
in Figure 2 for the sake of clarification :

Figure 2 presents the impacts of combining the linear baseline correction
method with Savitzky-Golay smoothing filter using a polynomial of second
order in a 9 point window.

In the case of linear baseline, some issues need to be highly considered.
The baseline is established by connecting the minima with straight lines.
With the first spectra value as the starting point, a "rubber band" is
stretched over the selected spectral region (red dot line). Then it is sub-
tracted from the reference "baseline" (green dot line).

In the case of Savitzky-Golay smoothing filter, the smoothing effect on
Amide I ( 1640 cm�1) , Amide II ( 1550 cm�1) and Lipids/Proteins ( 1470
cm 1) [18] results in well-defined band shapes.
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2.2 chemometrics procedures in ftir

Figure 2 – Representative example of raw FTIR spectra: Highlighting the importance of
baseline and smoothing. (A) Problematic FTIR spectra with no baseline cor-
rection and important band with considerable noise. (B) The FTIR spectra

from (A) after baseline correction and smoothed using Savitzky-Golay. All
data presented in this figure were prepared by the Author’s Thesis ( cryopre-
served tissue from Wistar rat, similar data from this paper [36] )

Source: Author’s Thesis.

While both approaches have met with considerable success, as shown in
Figure 2.B, it is, unfortunately, limited due to the inability to account for
some non-obvious pitfalls.

Considering the FTIR spectra presented in Figure 2, some drawbacks
are tied with open problems. It is crucial to examine the interval of 1380
to 1440 cm 1. After the smoothing procedure, occurs a potential loss of
information. The open problem here is if this change will be based on an
unresolved peak or spectral features that may be mistaken for noise. Fao-
lain et al [19] describe only a unique band in this region: 1398 cm 1(C=O
symmetric stretch), even though the Faolain works with 8 cm 1resolution
which hampers a close association with this spectral data. Through visual
inspection of the spectral region presented in Figure 2, the baseline pro-
cedure works. Nevertheless, no guarantee that the current procedure will
work for other FTIR spectral regions.
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Most importantly, all the mentioned methodology needs can be allevi-
ated by performing FTIR spectrum re-collection to obtain FTIR with

higher SNR. If it is not possible, there are options. One could assess the
area under the curve (AUC) of stable bands present in the spectra. How-
ever, there is a risk of noise influence. Alternatively, it could change the
baseline and smoothing methods until good spectra results are achieved.
For more details on the classical preprocessing methods, there is an excel-
lent review [20]. Notwithstanding attempts for findings, optimal parame-
ters procedures were made here [21] and here [22].

2.2.2 Derivatives and Normalization

While the baseline and smoothing are essential to handle noise and reduce
possible baseline differences in the FTIR spectra, derivatives and normal-
ization are often used for other purposes.

By taking the second derivative, closely overlapping peaks may be re-
solved, providing benefits often improved classification performance in di-
agnostic studies. Unfortunately, derivatives can be highly affected by min-
imal noise. Then, the second derivative will enhance sharp bands at the
expense of broader ones and potentially enhance noise in the spectrum.

In the case of normalization, the purpose is to alleviate the intrinsic dif-
ferences between samples. Prior to the normalization step, it reduces intra-
dataset discrepancies that can hamper the comparison of spectra. After-
ward, the effectiveness and possible impacts of the normalization method
will depend on several factors. The majority of normalization methods
share the same concept that divides each data value by a normalization
factor. For clarification, the vector normalization is based on the square
root of the sum of the squared absorbances of the spectrum. Subsequently,
each absorbance is divided by the vector norm. Several other normaliza-
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tion procedures can be used [23]. It is essential to state that the choice
of the normalization method can impact the final classification metrics,
regardless of the field of study, just because there is a potential loss of
degrees of freedom. Consequently, resulting in an inflated type I error rate,
as demonstrated by Farnoosh and co-authors[24]. Depending on the objec-
tive of the study, there are preferable normalization methods to others [23].
One has to be selected for solving specific problems or at least optimized
to attenuate noise interference as made by Storey and co-authors [25]

The key to obtaining meaningful spectral data is to follow an organized
approach. It is of great importance to investigate the relationship between
chemometric methods and figures of merit[26] because these pretreatment
methods play a significant role in spectral interpretation. Mas et al. demon-
strate [27] the effect of pretreatment on the PLS model quality parameters
and the accuracy line in the prediction by using ATR-FTIR data of oxy-
benzene benzophenone-3 (BP3). In this work, the effect of 39 different
pretreatments which combined scatter, noise, and scaling correction on
ATR-FTIR signals for the determination of oxybenzone was studied. As
a consequence, pretreatments behave differently if the evaluation is about
the quality of the PLS models or the quality parameters of the analytical
procedure.

2.2.3 Chemical-Physical properties affecting spectra

Biological tissues are highly complex and comprise many different cell
types, the interaction between which is mediated by various chemical path-
ways characterized by numerous chemical species. Infrared spectroscopy
researchers such as Diem et al. stress the necessity of understanding which
spectral features are characteristic of particular cell-types [28, 29]. Because
of many biochemical changes happening at any moment in a living organ-
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ism, which may produce any number of confounding variables, the spec-
troscopist must take them into account.

One of the challenges that is yet to be overcome in the field of spec-
trochemical techniques relates to the difficulty of conforming data and
standardizing systems[30]. The main FTIR confounding factor could be
scrutinized into three main groups.

Firstly, water vapor interference is a significant confounding factor. As
infrared spectra are typically obtained by rationing the background and
sample spectra corresponding to a single beam, it should be expected that
water vapor contributions would disappear. However, the interval between
scan acquisition and the background could occur humidity variation in the
instrument. Despite the well-purged instruments, water vapor can cause
unwanted alterations to the spectra. Because of the rot-vibrational transi-
tions of water molecules occurring in 1350 to 1800 cm�1, protein bands are
adversely affected ( mainly amide I and II). It is possible that the water
vapor contribution can influence multivariate analysis results, either super-
vised or unsupervised methods, to classify spectra into groups that differ
primarily in terms of the water vapor content[26, 31]. According to Diem
et al., remaining variations associated with rot-vibrational transitions of
the water molecule can be investigated with a principal component anal-
ysis on the entire data set [31]. Additionally, a recent study applied the
combination of FTIR spectrum with partial least square[14] in order to
attenuate the water vapor contributions, aiming to maximize the FTIR
signal while decreasing background noise.

Secondly, there is spectral distortion related to sample thickness and
FTIR configuration. Interference of incident and reflected waves create
spectral distortions due to the so-called Electric Field Standing Wave
(EFSW) effect, which may result in non-linearity between path length
and infrared absorbance with increasing sample thickness[32]. Also, the
Transflection and Transmission modes may produce spectra with inter-
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ference attributed to resonant Mie scattering (RMS), such as distortion
in peak shape and peak position alteration [33, 34]. A number of effects
and aberrations can be seen in raw FTIR spectra that pose difficulties for
interpretation. One example is variations in baseline, and derivative-like
line shapes, also referred to as "anomalous dispersion". The FTIR spectra
obtained from single cells and tissues may exhibit strong Mie scattering
signatures. These signatures, depending on the sample nature, can pose
difficulties in the interpretation of the biochemical information. As a con-
sequence of Mie theory, cells are highly effective scatterers in the infrared
wavelength range because the wavelength of infrared radiation is of the
same order as the size of a cell. In fact, the Mie scattering effect in FTIR
spectra could be explained by particles that have similar diameters to
the wavelength of the light with which they interact, and it results in a
broad, undulating background to spectra, resulting in distortion of peak
intensities and a difficult time of ascertaining baselines [35]. In develop-
ing extended multiplicative signal correction (EMSC) procedures, it has
been demonstrated that they can correct for baseline effects due to Mie
scattering [36]. Following these procedures, Mie scattering curves can be
estimated based on particle size and refractive index, and water content
can also be corrected[37]. In 2010, a subsequent investigation of the Mie
scattering effects led to the concept of "resonant" Mie scattering (RMieS);
using the EMSC correction, it was demonstrated to account for peak shifts
and baseline distortions in both cell and tissue spectra[38]. As reported by
Bassan et al.[34], it is indicated that ATR-FTIR mid-range samples should
have a thickness of less than 10 µm and more than 2 µm . Accordingly
to Bassan, in order to avoid substrate interference, Butler et al. [39] rec-
ommended the thickness of more than 3 µm . Additionally, samples with
an unreliable thickness that tends to increase the Mie scattering effect in
the spectra could have their SNR increased by PCA capability to attenu-
ate experimental error, which is part of the extended multiplicative signal
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correction (EMSC) [40, 41]. It has been widely applied since it produces
a stable extraction of the pure absorbance spectrum. However, it should
be noted that the algorithm of Bassan et al.[38] does not incorporate a
complex refractive index, and it is considerably time-consuming. In 2015,
an improved iterative EMSC algorithm was designed, based on the orig-
inal Bassan algorithm, by Konevskikh and co-authors [42], in which the
computation time is reduced by a factor of 100.

Thirdly, the plasma/serum in the blood consists of various biomolecules
such as peptides, amino acids, lipids, proteases, enzymes, cytokines, low
molecular weight metabolites, and electrolytes. When physiological misreg-
ulation occurs in conjunction with the presence of disease, the biomolecular
change will spread to the circulating bloodstream and then be retained in
plasma and/or serum. Thus by identifying spectral markers in plasma or
serum, it is possible to detect the disease[43].

Dry plasma or serum samples can reveal meaningful outcomes, yet, the
sample deposition method and the substrate material can influence the
quality of data creating variations in the protein secondary structure within
the film. Hughes et al. explained[6] that depositing a small volume of
serum or plasma on a substrate and letting it air dry can cause significant
variations in the thickness and local composition of the film created. Well
known in chromatography research[44], the “coffee ring effect” occurs when
the sample dries, fractionation of the sample occurs, resulting in different
chemical compositions across the film, with the more soluble components
concentrated (fractionated) in the center of the film which remained wet
the longest. The coffee ring effect is the result of several conditions: self-
pinning of liquid-substrate contacts, increased evaporation rates at the
contact lines, and suppression of Marangoni flow[45, 46].

Basically, when a drop of biological liquid is placed on a solid slide, it
will induce an outward flow of liquid due to the enhanced evaporation
rate at the pinned liquid–substrate contact line. The molecules are car-
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ried from the interior to the perimeter of the capillary by this outward
flow [44]. When a droplet is evaporating, the temperature gradient along
its surface causes a surface-tension gradient, which results in a thermal
Marangoni flow. During the Marangoni flow, particles on the droplet sur-
face are transported upward toward the top of the droplet and then plunge
down toward the substrates to absorb them or are carried along the sub-
strates to cause circular motion along with the drop-air interface. As a
result of the coffee-ring effect and suppression of the Marangoni effect, the
droplet will have an inhomogeneous redistribution with most molecules
concentrated at the edges. As the dried droplet dries, cracking patterns
may occur. The drying process leads to the formation of a particle film on
the top layer of the droplet, which creates tensile stress within the drying
droplet[45, 46]. For example, the increase in the concentration of proteins
as the solvent evaporates also leads to increased protein-protein interaction
before the proteins precipitate, resulting in the broadening of the amide I
envelope[31].

Lastly, FTIR data are always subject to unforeseen random and system-
atic variations. Consequently, quality control of spectral data is normally
required prior to chemometric modeling. The following sections will pro-
vide additional detail on this.

2.3 pattern recognition methods

2.3.1 PCA and PLS-DA

The biochemical activity in the FTIR experiment tends to be evaluated
through alterations in peak positions, band shapes, intensities, and band
area values. Because of the inherent complexity of spectra, frequently, it
becomes challenging to evaluate absorbance variations from the raw spec-

17



2.3 pattern recognition methods

tra. In order to overcome this problem, chemometric procedures have been
used to explore the similarities and hidden patterns among spectral data.

There are several types of data that might have factor analytical solu-
tions. One, in particular, is especially suitable: matrices involving spectral
intensities at several wavenumbers. In such cases, the data are typically
based on several multicomponent mixtures that will often have factor an-
alytical solutions because, according to Beer’s law, absorbance is equal to
the sum of the product terms, which supports the factor analytical model
[47].

PCA (Principal Component Analysis) generates "factors" consisting of
relatives eigenvalues and eigenvectors. The eigenvalues measure the rela-
tive importance of their respective eigenvectors. In this respect, a large
eigenvalue indicates a potentially important aspect of the data, whereas
a small eigenvalue indicates an arguably less significant feature. An eigen-
value describes a portion of the total variation in the data. Components
are ranked concerning their ability to account for the variation in the data.
Accordingly, the eigenvectors are arranged in descending order of impor-
tance. Having calculated the complete PCA solution, the PCA results can
be divided into two sets: a set of n components containing real, measurable
features of the data and a set of n components containing experimental
error only. By eliminating the secondary components from the initial solu-
tion, it is possible to assemble the meaningful into the model, incorporating
only the significant variance of the data [47].

In brief, the PCA capability of "eliminating the secondary factor" will
be used in several ways. For example, account for the score projection
of outliers [30]. This type of outlier could be spectra with low SNR due
to water vapor influence, allowing control of the evaporation in the fluid
samples.

Figure 3 illustrates the implications for PCA when ATR-FTIR spectra
confounding factors are not considered.

18



2.3 pattern recognition methods

Figure 3 – PCA sensitivity to FTIR confounding factors. (A) Averages and standard devi-
ation of untreated spectra. (B) Loadings are associated with the first principal
component obtained by untreated spectra. (C) Averages and standard devia-
tion of treated spectra. (D) Loadings are associated with the first principal
component obtained by treated spectra. All data presented in this figure were
prepared by the Author’s Thesis ( cryopreserved tissue from Wistar rat, simi-

lar data from this paper [36] ).

Source: Author’s Thesis.

Two confounding factors occur in Figure 2.A, which will negatively affect
the PCA analysis (Figure 2.B). This problem has been addressed mainly
to H2O and CO2 vapor and minimal shifts in spectral baselines caused by
unspecified effects. It is not possible to completely remove these unwanted
spectral contributions only using background subtraction since the levels of
any undesired atmospheric gases vary with time and space. Comparatively,
the H2O and CO2 vapors will alter the PC1 loading completely (Figure
2.B). In addition, the minimal shift may be attributed to the variation in
tissue thickness. Both confounding factors are treated using OCTAVVS
[48]. Figure 2.C depicts the treated FTIR spectra, which are not only H2O
and CO2 vapor filtered but also baseline corrected. With chemometric
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correction, it is possible to observe the variation at 1750 cm�1for the first
time, as shown in Figure 2.D.

Notwithstanding, the class separation based on PCA can highly describe
the FTIR variations. For the sake of clarification, the Figure 4 was con-
ceived to underline this PCA tendency.

Figure 4 – PCA pairwise classification capability.

Source: Author’s Thesis [36]

That trend exemplified in Figure 4 is straightforward in FTIR research.
Nevertheless, it may fail in several group comparisons, even if they contain
huge distinct chemical profiles. For example, the Figure 5 indicates that
PCA alone is not enough in order to construct a robust model:

The PCA classification failure was depicted in Figure 5. It can occur
not only because there are some feature overlaps between groups but also
because it is motivated by the nonlinear relationship between the samples.

In order to gain a deeper understanding of the biochemical features of
the FTIR spectrum, a chemometric model needs to be trained by using
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Figure 5 – PCA alone is not enough.

Source: Author’s Thesis [36]

suitable features. In this sense, a combination of PCA and PLS-DA based
on spectral markers is indicated in the Figure 6.

A major goal of chemometrics is to understand how the chemical and
physical properties of compounds relate to one another. It is essential to
establish relationships such as these when designing new materials, improv-
ing quality control, and predicting chemical behavior. Finding linear rela-
tionships between measurables and variables is one of the most common
uses of regression analysis. The implementation of partial least squares
(PLS) is similar to the implementation of PCA when it comes to identify-
ing orthogonal vectors. Nevertheless, PLS computes the principal compo-
nents to model X and correlate Y. In contrast, principal components are
computed to model only X. Consequently, the PLS results are expected to
have greater predictive power when the calibration set (the training set)
does not involve all of the constituents of the system. With the increase of
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Figure 6 – Hard Tissue.
(D)

Source: Author’s Thesis [60]

computational capability, the chemometrics procedures increase the incor-
poration of complex spectroscopy experiments. Association between PCA
and other techniques for quality control turns out to be desirable. In spe-
cial, PLS has been demonstrated to be a useful chemometric technique
when the target vector (i.e., absorbance variations) cannot be fully formu-
lated because of a lack of information about the sample. In this way, PLS
is designed to find a linear relationship between the two matrices, a calibra-
tion matrix and a measurement matrix, which are related by a latent set
of factors that are mutually orthogonal. Therefore, this method has been
demonstrated to be suitable for problems that have several uncontrollable
factors.

Since PLS is prone to overfitting, a validation procedure is therefore of
paramount importance[50,61]. Especially in the case of small sample
sizes, in which validation misclassification rates can be very sensitive
to the classifier employed, making it difficult to determine whether or
not an obtained performance is substantially biased in comparison with
random results [51].

In as much as chemometric procedures become more and more advanced,
their application range also expands.
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2.3.2 Hyperspectral

Early studies using FTIR microscopes typically involved sampling tissue
specimens at a single point. In contrast, adding a motorized microscope
stage to the microscope enabled the operator to obtain a chemical im-
age through an approach referred to as spectroscopic mapping. An x-y
plane moves the sample at predetermined intervals, resulting in a two-
dimensional image that contains an infrared spectrum at each point. Thus,
three-dimensional data arrays are constructed: two spatial dimensions and
a spectrum at each point along with the sample[20,52].

Image construction may also be based on peak intensity ratios. As al-
ready discussed in the previous section, the region sample alteration ob-
tained in the image may sometimes not be attributable to a spectral marker
difference. These changes can mostly arise due to refractive index variation
and light scattering [20].

In FTIR chemical imaging, referred to as hyperspectral imaging, thou-
sands of spectra are collected simultaneously over a surface to determine
the chemical composition of a sample at higher spatial resolution. As with
simple FTIR microscopy, the FTIR instrument comprises a spectrometer
and an infrared-capable microscope with a specialized detector. Essentially,
the key to this technology has been the development of the focal plane ar-
ray (FPA) detector. An FPA comprises numerous microdetector elements
mounted in a square two-dimensional grid form. This array enables the
simultaneous collection of thousands of individual infrared spectra. For an
example, the most common arrays consist of 32 x 32, 64 ⇥ 64, or 128 ⇥
128 detector elements, generating images composed, initially, of up to 1024
individual spectra, with a spatial resolution in the range of 5 to 6 µm for
a 64 ⇥ 64 array size [53].
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While it is true that FTIR provides the opportunity for collecting spatial
and compositional data from a sample, certain factors are to be considered
when assessing the viability of using this technique in a routine preclini-
cal trial. Most noteworthy is the high cost of the FTIR equipment com-
pared to a standard light biology microscope. In contrast to conventional
microscopy, collecting the image data may be time-consuming, especially
when there are large areas of the sample that must be scanned, in which
case several images must be tiling together.

Data storage may also present an additional hurdle, particularly when
file sizes range from tens to hundreds of megabytes. It is important to
state that a complete tissue slice collection is not reasonable. As a proof-
of-concept, in the lab of the Author’s thesis advisor, an attempt occurs to
estimate the time cost for a whole slice of tissue in a transmission mode
using 32 x 32 Agilent. This acquisition requires more than 18 hours, and the
final FTIR image data is around 22 GB. In fact, data interpretation is quite
complex since the spectrum obtained represents the combination of all
infrared-absorbing molecules in the IR path. This means that working with
biological tissues involves frequently employing non-intuitive algorithms in
conjunction with sophisticated software for non-programmers.

In spite of the disadvantages described above, FTIR offers a number of
remarkable advantages in the pathological examination of tissues. Com-
pared with a standard pathology investigative approach that may involve
numerous tissue samples, stains, and histochemical techniques to search
for several tissue features, infrared images can examine numerous chemi-
cal species in one tissue image. FTIR affords the pathologist an effective
means by which tissue specimens may be screened for the presence of dis-
eased states, as the sample morphology can be probed by the precise spec-
troscopic parameters that highlight intrinsic biochemical boundaries and
changes[52]. Unlike current histopathological techniques, chemical staining
of the tissue section is not required (reducing sample processing time), and
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examination of the physical sample is semi-automatic, requiring minimal
manual input. In addition to these advantages, FTIR is a non-destructive
spectroscopy technique, permitting further examination of the same tissue
specimen. With the advancement of technology (E.g, computer processor
capability, source, and detector upgrades), the infrared chemical imaging
system will be able to provide extremely fast diagnosis, enabling an earlier
treatment, as well as enhanced detection and diagnostic sensitivity (i.e. de-
tecting chemical changes before any architectural manifestations of disease
in the tissue).

From a conceptual point of view, a routine pathological analysis will
involve the design of an automated analysis scheme, relying on human
interaction only for the initiation of computer programs, to produce a
comprehensive objective classification result for comparison with the diag-
nosis obtained by the pathologist using standard histological examination
techniques.

In this regard, the determination of a stable and consistent chemomet-
ric protocol of the collected FTIR image constitutes an imperative step
in automating the result analysis stage. This procedure can reduce the
need for human interpretation and thereby reduce misdiagnosis rates. By
establishing validated chemometric data treatment techniques, examining
tissue sections becomes a non-subjective process and provides an intriguing
opportunity for automated tissue assessment.

2.3.3 Parrafin handling

The development of a unified approach to FTIR image segmentation can at
least aim to be applied to all kinds of images. Even selecting an appropriate
technique for a specific type of image is a difficult problem. Up to now,
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to the knowledge of the Author’s thesis, there is no universally accepted
method of segmented output for FTIR images [54, 55, 56].

Because erroneous or missed data values, noninformative background,
extreme outliers, and spectral artifacts are aspects that must be consid-
ered way before or even during the modeling part, there are many methods
for minimizing spectral artifacts, such as water vapor correction and Mie
scattering correction. However, there is no standard procedure for nonin-
formative background (i.e., paraffin wax).

Prior to IR imaging, a de-paraffinization step is often performed due to
the significant absorptions of paraffin in the mid-IR region. This step is
carried out using chemical de-waxing agents such as xylene or hexane. In or-
der to remove the wax, the paraffinized tissues are subjected to de-waxing
agents and gradually reduced levels of alcohol before they are rinsed under
tap water. Even though chemical de-waxing removes most paraffin from
tissue, the chemicals used in this process are potentially harmful. It is also
possible to perform deparaffinization by using mathematical algorithms,
which are faster, less costly, and consequently do not entail toxic chemical
treatments [57, 58].
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3.1 wound assessment

Injury, or a wound, is defined as a breakdown of body tissue’s anatomical
continuity (function and structure). A wound can range from a relatively
minor scratch that the bearer may not even be aware of to one of a fatal
nature, such as severing a major artery or developing a brain hematoma. In
general, wounds can be classified as acute or chronic. The healing process
of acute wounds is generally predictable since a sudden injury causes them
to the body, such as surgery or gunshot trauma. Conversely, chronic or
’nonhealing’ wounds are wounds that fail to heal in a timely or normal
manner and are considered to be clinically stagnant. Examples of chronic
wounds include diabetic ulcers, radiation injuries, infected burn wounds,
and pressure sores.[1].

In the specific case of burn injuries, they are a form of trauma that is
underappreciated and can occur anywhere and at any time. A burn in-
jury may be caused by friction, cold, heat, radiation, chemical, or electric
sources, although most burns are caused by heat from hot liquids, solids, or
fire. Although all burns result in tissue destruction due to energy transfer,
various causes may have a physiological or pathophysiological response. An
immediate deep burn may occur due to a flame or hot grease. Scald injuries,
on the other hand (resulting from hot liquids or steam), are typically more
superficial at first due to the rapid dilution of the source and energy. Al-
kaline chemicals can cause colliquative necrosis (the tissue is transformed
into a liquid, viscous mass). In contrast, acidic burns can cause coagulation
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3.1 wound assessment

necrosis (ensuring that the architecture of the dead tissue is preserved). An
electrical injury differs considerably from other types of injuries because
it can result in deep tissue damage that is greater than the visible skin
injury; tissue damage in electrical injuries is related to the strength of the
electrical field (the amps and resistance of the tissue), though, for ease of
comprehension, the voltage is often referred to[2].

Thermal injury can also occur through the cold. Frostbite is caused by
several mechanisms, including direct cellular injury from crystallization of
water in tissue and indirect injury from ischemia and reperfusion. These
mechanisms lead not only to skin necrosis but also to deep tissue dam-
age[1, 2, 3].

Based on the descriptions given above, it is evident that each of the afore-
mentioned wound types disrupts tissue structure in different ways and to
varying degrees. Accordingly, the degree of tissue damage experienced and
the impact on the overall well-being of an individual will heavily depend
on a number of factors, such as the severity of the wound. In addition to
determining the cause of a burn injury, it is crucial to classify the injury
according to its severity, depth, and size, as shown in Figure 1 :

Figure 1 illustrates the severity of burns affecting the epidermis (top
layer of the skin); the skin becomes red, and the pain is limited in duration.
Burns of the second degree (superficial partial thickness) are painful, weep,
and require dressings and wound care. Even though they may scar, they
do not require surgery. Burns of a second degree (partial-thickness) is less
painful because the pain receptors have been partially destroyed, which
means the skin is drier, surgery is required, and scarring will result. The
third-degree burn extends through the entire dermis and is not typically
painful due to the damage to the nerve endings and should be protected
from infection and, unless very small, be surgically managed.

Surgery procedures are not risk-free and are associated with higher pain
and a longer recovery period. That is why clinical investigators search for
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3.1 wound assessment

Figure 1 – Burn depth. (A) First-degree (Superficial thickness) (B) Second-degree (Par-
tial or intermediate thickness) (C) Third-degree (Full thickness) (D) Undeter-
mined burn degree.

(A) (B)

(C) (D)

Source: Adapted from Jeschkle[1] and from Flanagan[2]

non or minimally invasive procedures that are safe, effective, and have a
short recovery. Innumerable surgical procedures are performed daily, with
scarring being their inevitable consequence. Postoperative scar tissue has
the potential to be symptomatic and mutilating and restricting movement,
all of which may compromise the quality of life. To address this, a range of
procedures such as optimized surgical techniques, compression, and wound
dressing are used to minimize scar formation.

Laser treatment of scars has been used for decades, and established
methods aim at remodeling mature scar tissue older than one year. As
conventional laser techniques may not completely normalize mature scar
tissue, a preventative approach of laser exposure during wound healing
has emerged. Early laser intervention to reduce scar formation has already
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been investigated in several clinical studies, but no consensus regarding
treatment procedures exists.

A variety of effective Laser technology has recently been applied to im-
prove the visual perception of scars, including ablative lasers, non-ablative
lasers, and fractional modalities. The use of the 1,540 nm erbium:glass
laser has previously been shown to induce collagen production and stim-
ulate dermal remodeling and healing, potentially explaining its effect on
skin rejuvenation and improving post-acne scars. The other studies showed
that scars treated with Er:glass, which was visualized by dermoscopy, had
a less distinct border between scar and normal tissue than untreated scars.
Comparatively, other studies showed that the early 1540 nm Er:glass ap-
plication can significantly improve scar formation attributes, including the
degree of red, the pliability, and the smoother appearance of scars. Er:glass
also can promote dermal remodeling maintaining epidermal barrier func-
tion [3, 4, 5, 6].

Photobiomodulation (PBM) describes a process whereby 600- 1000 nm
light wavelengths are used to initiate biological responses. The PBM in-
volves the application of certain wavelengths of light to biological systems
to alter their cellular metabolism. It is suggested that the molecular mecha-
nism by which NIR radiation can generate mitochondrial signaling in mam-
malian cells involves the activation of a photoacceptor called cytochrome
c oxidase (CCO). Due to CCO activation, NIR radiation produces a re-
sponse that can trigger the mitochondrial respiratory chain reaction. The
benefits of PBM have been documented for many different types of dis-
eases, pathological responses, and biological dysfunction, including edema,
inflammation, chronic joint disorders, wound healing, and neurological dis-
orders and pain[7, 8, 9].

Hence, this research aims to explore the possibility of developing an
FTIR systematic approach that may build a bridge to clinical translation
and, thereby, be reliably and objectively assessed. Firstly, skin tissue from
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Wistar rats and hence to develop FTIR chemical imaging procedure as a
supportive tool. Secondly, these skin tissues were separated into control,
day 3 post-burn, and laser treatments. This research provides an effort to
determine if cellular changes in all groups can be FTIR assessed for skin
wound variation. These findings would assist the consulting pathologist in
enquiring about signs of unexpected healing behavior in the tissue and
whether wound treatment is well healed.

3.2 experimental

3.2.1 Burn procedure improvement

This work was approved by the institutional ethics committee for Animal
Research (CEUA IPEN 266/20). As a first step, the rats were anesthetized
with ketamine and xylazine. Subsequently, the dorsal areas were shaved
for further thermal injury induction. During the burn procedure, the rats
were kept under anesthesia with isoflurane inhalation. In this stage, burn
injuries were induced on the back of Wistar rats by applying water vapor
at 90 °C for 12 s [24]. Secondly,at day 3 post burn, the Laser irradiation
was performed. All experimental workflow was illustrated at Figure 2.
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Table 1 – Experiment Design

Group Description

GC Healthy skin that has no treatment. This group was used as a negative control.
G1 Thermal injury that the skin tissue was collected 3 days after burn procedure.

This group was used as a positive control.
G2 Er:glass ( � = 1540 nm). This group was acquired at 3 days after burn procedure

with one application.
G3 LLT ( � = 660 nm). This group was acquired at 3 days after burn procedure

with one application.
G4 Er:glass ( � = 1540 nm) and LLT ( � = 660 nm). Both lasers was performed at

3 days after burn procedure. It is important to note that Er:glass ( � = 1540
nm) was executed before LLT ( � = 660 nm).

Source: Author’s Thesis.

3.2.2 Laser procedure

The experiment on the thermal injury was conducted over three laser pro-
cedures at day 3 post burn. Firstly, using Er:glass ( � = 1540 nm, Sellas
Evo®) with 3025 FPA, 100 mJ, 3 s. Secondly, performing LLT therapy
with a red laser (MMOptics Ltda, Brazil) with � = 660 nm, power of
40 mW, spot area of 0.04 cm2 and 2 min exposure. Finally, a combined
approach using both lasers with the previous parameters as indicated at
Table 1.

3.2.3 Microscope

The histological samples were acquired using a Nikon Eclipse Ti inverted
microscope (Shinagawa, Tokyo, Japan), equipped with a 4x objective.
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3.2.4 FTIR equipment

Spectral images acquisition was accomplished using a Cary Series 600 sys-
tem (Agilent Technologies, USA), composed by a Cary 660 FTIR spectrom-
eter and a Cary 620 FTIR microscope. Particulary, this Agilent equipment
has a focal plane array (FPA) detector of 32 ⇥ 32 elements and 5.5 µm
spatial resolution, thereby providing 1024 spectra per acquisition. FTIR
imaging was conducted on a low-e slide for transflection measurements.
For all FTIR acquisitions, 256 background and 64 sample scans were de-
termined based on the prior publication[10].

3.2.5 Chemometric Quality assesment

All chemometric methods were carried out on Matlab R2021b [11] and OC-
TAVVS (version 0.1.13)[24]. The Matlab code for the background segmen-
tation and the image classification were implemented on an Intel Xeon(R)
W-2265 CPU (3.50 GHz, 64GB RAM).

Figure 3 – Chemometric Workflow

[1] Histologic Guidance [2] FTIR Agilent [3] Reconstructs Image [4] Interval Truncate [5] Fuzzy C-means [6] Spectral Clusters

Source: Author’s Thesis

As indicated in Figure 3, the spectral dataset were preprocessed using
OCTAVVS [24]. OCTAVVS includes several spectra pre-processing
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method, specially the atmospheric correction(AC) and resonant mie scat-
tering correction(RMSC). After truncating the spectra to the fingerprint
region (900 and 1800 cm�1), the pre-processing step were designed to have
all spectra with Savitzky-Golay filter ( windows size of eleven data points
and a second-order polynomial), baseline-corrected (concave rubberband
with 10 interactions [7]) and RMSC based on Konevskikh using Matrigel
as a reference spectrum [11, 13].

3.3 results and discussion

3.3.1 Histopathological findings

The healthy skin prior to the burning experiment showed a typical histolog-
ical organization: an outer epidermis formed by a thick squamous stratified
epithelium and an underlying dermis composed of dense connective tissue
(appendices). In the inflammatory stage (Figure 4A), the integrity of the
skin tissue was strikingly altered. The burn wound lacked the characteris-
tic squamous stratified epithelium, and the underneath dermis exhibited
dense bundles of collagen fibers (Figure 4A).

All laser groups demonstrate a shrinkage of the wound region. In the
case of Er:Glass, with a modest shrinkage area, relies on less epithelium
recovery when compared with other laser groups. Interestingly, the G3
group shows a dense crost. Finally, both laser treatments demonstrate an
intense shrinkage and a more consistent epidermis recovery.
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3.3 results and discussion

Figure 4 – Burn wound groups. G1 : Thermal Injury; G2 : Er:Glass; G3 : Photobiomod-
ulation ; G4 : Both Laser.

Source: Author’s Thesis.

The FTIR imaging technique is a powerful, non-destructive method for
studying the biochemical composition of microscopic tissue sections across

a wide variety of samples. FTIR microscopy has the advantage that sample

preparation is quite straightforward since specimens need not be stained.

A biochemical assesment of several biomolecules can be obtained by FTIR

microscopy rather than staining techniques, which allow one or a few com-

ponents to be analyzed simultaneously. Comparatively, FTIR imaging data

is difficult to process due to the vast amount of data acquired: one indi-

vidual FTIR image contains several thousand image points (pixels) each

with a full spectrum consisting of hundreds of wavenumbers[14].

For accurate and absolute peak positions, the spectra must be corrected
by atmospheric and Mie scattering corrections.
Here, we utilize the Bassan-Konevskikh algorithm using Matrigel scatter-
ing-free spectrum in the OCTAVVS (version 0.1.13) [19,20,24].
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Following such a preprocessing step, spectra can be analyzed, visu-
alized, and reduced by using feature extraction methods; principal
component analysis (PCA) is often utilized to extract the major fea-
tures.

Figure 5 – PCA hyperspectral workflow.

Source: Adapted from Pisapia and co-autors work [16]

As illustrated in Figure 5, principal component analysis(PCA) was

performed on the entire spectral dataset and a segmentation model

based on PCA was constructed regarding score images.According

to the chemometric strategy of this thesis, the PCA surface is conceptu-

alized as the base for Otsu’s method which determines thresholds

adaptively[17]. Otsu’s method is a variance-based technique to find

the threshold value where the weighted variance between the fore-

ground and background pixels is the least. The key idea here is to iter-

ate through all the possible threshold values and measure the spread

of background and foreground pixels. Then find the threshold where

the spread is least[18]. This preprocesing pipeline was depicted in Figure

4. Thereafter, the purpose of separating non-tissue from tissue re-

gion was validated by the Fuzzy C-means.

Fuzzy C-means clustering similar to k-means clustering in that it is a

non-hierarchical clustering method; fuzzy C-means clustering begins with

the designation of the number of clusters (k) and each data point belong-

ing to a cluster. In the case of fuzzy C-means clustering, the classification

output defines the degree of membership of a pixel to all clusters, not just

one.
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3.3 results and discussion

Each pixel will have a degree of membership in every cluster, with data

points towards the center of a cluster belonging to that cluster to a higher

degree than a data point on the cluster’s outer edges [21]. In order to ob-

tain more information from FTIR images for reliable iden-tification of
spectral groups, Fuzzy C-means clusters data minimize the differences

between the spectra within a cluster and maximize the interclus-ter spec-

tral differences. Is important to note that this process is iterative and

eventually converges to a solution. When compared to a traditional K-

means clustering algorithm, a fuzzy C-means algorithm assigns each pixel

to a cluster based on a percentage of participation. This allows the bio-

chemical profile of different structural components to be represented by

assigning every spectrum to multiple clusters.

The number of iterations through which the fuzzy C-means algorithm

reaches its solution is predetermined by the user in the form of a threshold

value. Once the magnitude of the change in the cluster membership values

drops below the selected threshold, the iterative process ceases[21]. Yet,

the technique is sensitive enough to the order of the chemometric opera-

tions. For the sake of example, when probing the segmentation with the

entire spectral data normalized, there is a clear misinterpretation of the

tissue and non-tissue section Figure 3. However, when compared with Fig-

ure 4 the tissue edge demonstrates superior classification performance. To

determine the spectral, based on the second derivatives, differences in the

histological features, fuzzy C-means clustering (FCM) was applied. In

FCM, spectrums can belong to more than one cluster, and their participa-

tion percentage is determined according to their degree of similarity.

For this study, the following FCM main results for each group was or-

ganized in Table 2.

49



3.3 results and discussion

Table 2 – Fuzzy C-means main findings

Group 900 - 950 cm!1 1200 - 1250 cm!1 1660 - 1679 cm!1

GC 919 (w), 937 (w)
and 972 (w)

1201 (m), 1232�1234 (Tm)
and 1280�1282 (Tw/Ts) 1631 (m), 1662�1664 (w)

G1
slightly shift
from 937 to 939
(w) ; 972 (w) ;

slight shift from 1201 to
1203 (m), slight shift from
1232�1234 to 1236 (s) and
1282 (Tw/Tm)

slight shift from 1631 to
1628 (Tm), slight shift from
1662�1664 to 1660 (w)

G2

slight shift from
937 to 929 (Tw)
; disappearance
of 919 and 937
(Tw);

1201 (Tm/Ts), 1232�1234
(Ts) and 1280�1282
(Tw/Tm)

slight shift from 1631 to
1628 (Tm), slight shift from
1662�1664 to 1660�1662
(w)

G3 slight shift from
937 to 939 (Tw);

slight shift from 1201
to 1203(Tm), 1234�1236
(Tm/Ts) and 1282 (w)

shift from 1631 to 1626
(Tm), shift from 1662�1664
to 1679 (Tw)

G4
disappearance of
919 and 939; 972
(w) ;

slight shift from 1201 to
1203, 1234 (Tm/Ts) and
1280�1282 (Tw/Tm)

slight shift from 1631 to
1628 (Tm), shift from
1662�1664 to 1658/1666
(Tw)

*amplitude of second derivative : w = weak ; m = medium ; s = strong ;
**T = strongly dependent upon tissue region

Source: Author’s Thesis.

As depicted in Table 2, three main trends occurs in final FCM results.
As depicted in Figure 8 to Figure 15 : Firstly, 900 - 950 cm 1has a much

reduced amplitude of its second derivative when examined in the control
group. This feature occurs in a similar way in the both laser treatment
groups. The thermal injury, Er:Glass and LLT groups however shows a
slightly higher amplitude in this spectral region. As indicated by Dooerly et
al these FTIR region is a response to vibrations along the sugar-phosphate
chain and sensitivity to the structure of the nucleic acid backbone[21]

Secondly, 1200 - 1250 cm�1in the control group has a similar (between
the centroid) amplitude of its second derivative. Notably, all groups (in-
cluding thermal injury) has these band intensified according to FCM im-
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3.3 results and discussion

Figure 6 – GC (900 - 1300 cm�1). (A) The tissue slice assesed by Agilent FTIR micro-
scope. (B) GC group with HE staining.(C) Reference Cluster: Fuzzy FTIR
grade of likelihood to belong to that cluster. The closer it is to 1 the greater
the likelihood. (D) Centroid associated to the Reference Cluster in (C) FTIR
(900 - 1300 cm�1). (E) First Cluster: Fuzzy FTIR grade of likelihood to belong
to that cluster. The closer it is to 1 the greater the likelihood. (F) Centroid
associated to the First Cluster in (E) FTIR (900 - 1300 cm�1).(G) Second
Cluster: Fuzzy FTIR grade of likelihood to belong to that cluster. The closer
it is to 1 the greater the likelihood. (H) Centroid associated to the Second
Cluster in (G) FTIR (900 - 1300 cm�1)

(A)

(C)

(B)

(D)

(E) (F)

(G) (H)

Source: Author’s Thesis.
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3.3 results and discussion

Figure 7 – GC (1480 - 1700 cm�1). (A) The tissue slice assesed by Agilent FTIR micro-
scope. (B) GC group with HE staining.(C) Reference Cluster: Fuzzy FTIR
grade of likelihood to belong to that cluster. The closer it is to 1 the greater
the likelihood. (D) Centroid associated to the Reference Cluster in (C) FTIR
(1480 - 1700 cm�1). (E) First Cluster: Fuzzy FTIR grade of likelihood to belong
to that cluster. The closer it is to 1 the greater the likelihood. (F) Centroid
associated to the Second Cluster in (E) FTIR (1480 - 1700 cm�1).(G) Second
Cluster: Fuzzy FTIR grade of likelihood to belong to that cluster. The closer
it is to 1 the greater the likelihood. (H) Centroid associated to the Second
Cluster in (G) FTIR (1480 - 1700 cm�1)

(A)

(C)

(B)

(D)

(E) (F)

(G) (H)

Source: Author’s Thesis.
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3.3 results and discussion

Figure 8 – G1 (900 - 1300 cm�1). (A) The tissue slice assesed by Agilent FTIR microscope.
(B) G1 group with HE staining.(C) Reference Cluster: Fuzzy FTIR grade
of likelihood to belong to that cluster. The closer it is to 1 the greater the
likelihood. (D) Centroid associated to the Reference Cluster in (C) FTIR (900
- 1300 cm�1). (E) First Cluster: Fuzzy FTIR grade of likelihood to belong
to that cluster. The closer it is to 1 the greater the likelihood. (F) Centroid
associated to the Second Cluster in (E) FTIR (900 - 1300 cm�1).(G) Second
Cluster: Fuzzy FTIR grade of likelihood to belong to that cluster. The closer
it is to 1 the greater the likelihood. (H) Centroid associated to the Second
Cluster in (G) FTIR (900 - 1300 cm�1)

(A)

(C)

(B)

(D)

(E) (F)

(G) (H)

Source: Author’s Thesis.
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3.3 results and discussion

Figure 9 – G1 (1480 - 1700 cm�1). (A) The tissue slice assesed by Agilent FTIR micro-
scope. (B) G1 group with HE staining.(C) Reference Cluster: Fuzzy FTIR
grade of likelihood to belong to that cluster. The closer it is to 1 the greater
the likelihood. (D) Centroid associated to the Reference Cluster in (C) FTIR
(1480 - 1700 cm�1). (E) First Cluster: Fuzzy FTIR grade of likelihood to belong
to that cluster. The closer it is to 1 the greater the likelihood. (F) Centroid
associated to the Second Cluster in (E) FTIR (1480 - 1700 cm�1).(G) Second
Cluster: Fuzzy FTIR grade of likelihood to belong to that cluster. The closer
it is to 1 the greater the likelihood. (H) Centroid associated to the Second
Cluster in (G) FTIR (1480 - 1700 cm�1)

(A)

(C)

(B)

(D)

(E) (F)

(G) (H)

Source: Author’s Thesis.
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3.3 results and discussion

Figure 10 – G2 (900 - 1300 cm�1). (A) The tissue slice assesed by Agilent FTIR micro-
scope. (B) G2 group with HE staining.(C) Reference Cluster: Fuzzy FTIR
grade of likelihood to belong to that cluster. The closer it is to 1 the greater
the likelihood. (D) Centroid associated to the Reference Cluster in (C) FTIR
(900 - 1300 cm�1). (E) First Cluster: Fuzzy FTIR grade of likelihood to belong
to that cluster. The closer it is to 1 the greater the likelihood. (F) Centroid
associated to the Second Cluster in (E) FTIR (900 - 1300 cm�1).(G) Second
Cluster: Fuzzy FTIR grade of likelihood to belong to that cluster. The closer
it is to 1 the greater the likelihood. (H) Centroid associated to the Second
Cluster in (G) FTIR (900 - 1300 cm�1)

(A)

(C)

(B)

(D)

(E) (F)

(G) (H)

Source: Author’s Thesis. 55



3.3 results and discussion

Figure 11 – G2 (1480 - 1700 cm�1). (A) The tissue slice assesed by Agilent FTIR micro-
scope. (B) G2 group with HE staining.(C) Reference Cluster: Fuzzy FTIR
grade of likelihood to belong to that cluster. The closer it is to 1 the greater
the likelihood. (D) Centroid associated to the Reference Cluster in (C) FTIR
(1480 - 1700 cm�1). (E) First Cluster: Fuzzy FTIR grade of likelihood to be-
long to that cluster. The closer it is to 1 the greater the likelihood. (F) Cen-
troid associated to the Second Cluster in (E) FTIR (1480 - 1700 cm�1).(G)
Second Cluster: Fuzzy FTIR grade of likelihood to belong to that cluster.
The closer it is to 1 the greater the likelihood. (H) Centroid associated to the
Second Cluster in (G) FTIR (1480 - 1700 cm�1)

(A)

(C)

(B)

(D)

(E) (F)

(G) (H)

Source: Author’s Thesis.
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3.3 results and discussion

Figure 12 – G3 (900 - 1300 cm�1). (A) The tissue slice assesed by Agilent FTIR micro-
scope. (B) G3 group with HE staining.(C) Reference Cluster: Fuzzy FTIR
grade of likelihood to belong to that cluster. The closer it is to 1 the greater
the likelihood. (D) Centroid associated to the Reference Cluster in (C) FTIR
(900 - 1300 cm�1). (E) First Cluster: Fuzzy FTIR grade of likelihood to belong
to that cluster. The closer it is to 1 the greater the likelihood. (F) Centroid
associated to the Second Cluster in (E) FTIR (900 - 1300 cm�1).(G) Second
Cluster: Fuzzy FTIR grade of likelihood to belong to that cluster. The closer
it is to 1 the greater the likelihood. (H) Centroid associated to the Second
Cluster in (G) FTIR (900 - 1300 cm�1)

(A)

(C)

(B)

(D)

(E) (F)

(G) (H)

Source: Author’s Thesis. 57



3.3 results and discussion

Figure 13 – G3 (1480 - 1700 cm�1). (A) The tissue slice assesed by Agilent FTIR micro-
scope. (B) G3 group with HE staining.(C) Reference Cluster: Fuzzy FTIR
grade of likelihood to belong to that cluster. The closer it is to 1 the greater
the likelihood. (D) Centroid associated to the Reference Cluster in (C) FTIR
(1480 - 1700 cm�1). (E) First Cluster: Fuzzy FTIR grade of likelihood to be-
long to that cluster. The closer it is to 1 the greater the likelihood. (F) Cen-
troid associated to the Second Cluster in (E) FTIR (1480 - 1700 cm�1).(G)
Second Cluster: Fuzzy FTIR grade of likelihood to belong to that cluster.
The closer it is to 1 the greater the likelihood. (H) Centroid associated to the
Second Cluster in (G) FTIR (1480 - 1700 cm�1)

(A)

(C)

(B)

(D)

(E) (F)

(G) (H)

Source: Author’s Thesis. 58



3.3 results and discussion

Figure 14 – G4 (900 - 1300 cm�1). (A) The tissue slice assesed by Agilent FTIR micro-
scope. (B) G4 group with HE staining.(C) Reference Cluster: Fuzzy FTIR
grade of likelihood to belong to that cluster. The closer it is to 1 the greater
the likelihood. (D) Centroid associated to the Reference Cluster in (C) FTIR
(900 - 1300 cm�1). (E) First Cluster: Fuzzy FTIR grade of likelihood to belong
to that cluster. The closer it is to 1 the greater the likelihood. (F) Centroid
associated to the Second Cluster in (E) FTIR (900 - 1300 cm�1).(G) Second
Cluster: Fuzzy FTIR grade of likelihood to belong to that cluster. The closer
it is to 1 the greater the likelihood. (H) Centroid associated to the Second
Cluster in (G) FTIR (900 - 1300 cm�1)

(A)

(C)

(B)

(D)

(E) (F)

(G) (H)

Source: Author’s Thesis.
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Figure 15 – G4 (1480 - 1700 cm�1). (A) The tissue slice assesed by Agilent FTIR micro-
scope. (B) G4 group with HE staining.(C) Reference Cluster: Fuzzy FTIR
grade of likelihood to belong to that cluster. The closer it is to 1 the greater
the likelihood. (D) Centroid associated to the Reference Cluster in (C) FTIR
(1480 - 1700 cm�1). (E) First Cluster: Fuzzy FTIR grade of likelihood to be-
long to that cluster. The closer it is to 1 the greater the likelihood. (F) Cen-
troid associated to the Second Cluster in (E) FTIR (1480 - 1700 cm�1).(G)
Second Cluster: Fuzzy FTIR grade of likelihood to belong to that cluster.
The closer it is to 1 the greater the likelihood. (H) Centroid associated to the
Second Cluster in (G) FTIR (1480 - 1700 cm�1)

(A)

(C)

(B)

(D)

(E) (F)

(G) (H)

Source: Author’s Thesis.
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3.4 references

age regions. That means correspondence with the tissue activity in the G3
group can be observed in a more pronounced activity at the epidermis.
These FTIR vibrations localized to sugar-based interactions[17].

Thirdly, the amide regions provide several spectral markers. The control
group, as expected, remains minimal changes in this FTIR region. On
the other hand, in the G3 group, there is a shift from 1660 to 1679cm�1,
which may correspond to alterations to the stretching vibration of carbonyl
groups that forms weak hydrogen bonds in the native state. Chimara et
al. relate that changes could be modifying the molecular structure of a
protein in the context of type I collagen[18]

Each section contains specific spectral region variations, reporting dif-
ferent FTIR features related to the histological features. Moreover, the
results might suggest that there is a relation to tissue region with spec-
tral signatures. It is evident, for example, that in all wavenumber regions
considered in Table 2, the amplitude of the second derivative differs
from one tissue region to another. Interestingly, more specific shift occurs
in the amides regions ( 1660 - 1679 ) of G3 group which is greatly associ-
ated with a dense crost region.
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CONCLUS IONS & FUTURE DIRECT IONS

In this thesis, based on the specificities of biological tissues studied, we

develop a chemometric strategy that contributes to skin and hard tissue

profiling. It was depicted by using principal components analysis and par-

tial least squares analysis.

A novel chemometric strategy for automatic dewaxing of FTIR images

was developed in this study. When incorporated into a robust chemomet-

ric workflow, results from Fuzzy C-means images supported by PCA with

Otsu's threshold accurately indicated the tissue and non-tissue region in

all experiment groups. This highlighted the importance of developing

chemometric approaches to extract meaningful biochemical information

about biological tissues and generate valuable interpretations.

As a result of this novel chemometric workflow, the biochemical effect

of lasers on wound healing was assessed using FTIR imaging. Accordingly,

changes in the spectral markers of each group were observed, while a cor-

relation was shown between Fuzzy C-means and histological images. In

particular, each laser group relies on specific spectral markers concerning

proteins and collagen.

67



Part V

APPENDIX



APPENDIX

a.1 representative tissue sections from control group

Figure 1 – Representative Healthy Group. (A) Healthy group with hematoxylin and eosin
staining. (B) The corresponding tissue slice in the control group without hema-
toxylin and eosin staining. (C)The corresponding tissue slice in the control
group of (B) assesed by Agilent FTIR microscope.

Source: Author’s Thesis.

The most common histologic findings in control groups are a useful ba-
sis for further biochemical (infrared spectroscopy imaging) and histologic
assessments of treatment procedures. As the understanding of this entity
increases, more specific diagnostic criteria and treatment will likely develop.
In order to clarify, the skin of the dorsum of a healthy rat is composed
of epidermis, a dermis, and striated muscle located beneath the epidermis.
Among the epithelial appendages, there are primarily hair follicles and se-
baceous glands. In the process of epithelization, hair follicles can play a
role. Hair follicles placed in the incisional space may serve as epithelization
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A.1 representative tissue sections from control group

centers. Finally, the healing of a dermal injury involves three basic phases:
inflammation, proliferation, and maturation.
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A.2 fuzzy c-means

a.2 fuzzy c-means

Figure 2 – Fuzzy Algorithm.

Source: Adapted of Benaichouche work [83]

The clustering methods were utilized to group spectra that showed sim-
ilarities for classification purposes. In K-means clustering, the squared dis-
tance between the data and its cluster center is minimized in order to
produce a non-hierarchical clustering process. Once the clusters have been
formed, their centers are redefined and the entire process is repeated un-
til a given convergence criterion has been met; each element of a set is
assigned to only one of the k user-defined clusters. Using fuzzy c-means,
classification is carried out by minimizing the sum of the weighted distances
between each spectrum and each cluster centroid. Weights are determined
by a user-specified constant, which is the fuzziness index m. It has been
recommended that the fuzziness index be set to the commonly used default
value of 2. Each pixel is assigned to a cluster according to the percentage
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A.2 fuzzy c-means

of participation in a smooth cluster analysis by fuzzy c-means. In this way,
each spectrum can be assigned to several clusters, thereby providing a
good representation of chemical composition within the various structural
component [88].
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Abstract
Burns are one of the leading causes of morbidity worldwide and the most costly traumatic injuries. A better understanding
of the molecular mechanisms in wound healing is required to accelerate tissue recovery and reduce the health economic
impact. However, the standard techniques used to evaluate the biological events associated to wound repair are laborious,
time-consuming, and/or require multiple assays/staining. Therefore, this study aims to evaluate the feasibility of Fourier
transform infrared (FT-IR) spectroscopy to monitor the progress and healing status of burn wounds. Burn injuries were
induced on Wistar rats by water vapor exposure and biopsied for further histopathological and spectroscopic evaluation at
four time-points (3, 7, 14, and 21 days). Spectral data were preprocessed and compared by principal component analysis.
Pairwise comparison of post-burn groups to each other revealed that metabolic activity induced by thermal injury
decreases as the healing progresses. Higher amounts of carbohydrates, proteins, lipids, and nucleic acids were evidenced
on days 3 and 7 compared to healthy skin and reduced amounts of these molecular structural units on days 14 and 21 post-
burn. FT-IR spectroscopy was used to determine the healing status of a wound based on the biochemical information
retained by spectral signatures in each phase of healing. Our findings demonstrate that FT-IR spectroscopy can monitor the
biological events triggered by burn trauma as well as to detect the wound status including full recovery based on the
spectral changes associated to the biochemical events in each phase.
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Introduction

Burns are a global public health problem and one of the
leading causes of morbidity worldwide. An estimated
180000 deaths every year are caused by burns, in which
the vast majority occur in low- and middle-income coun-
tries.1 Due to the extensive time of hospitalization, rehabili-
tation, treatment of wounds and scars, burns are the most
costly traumatic injuries.2,3

After a burn trauma, a complex cascade of events is trig-
gered in order to recover the tissue stability. The wound
healing process is divided into four distinct and overlapped
phases known as homeostasis, inflammation, proliferation,
and remodeling.4,5 Deregulation of one of these phases
might alter the normal repair process, resulting in impaired
healing (chronic hard-to-heal ulcers or excessive scar-
ring).6,7 In order to accelerate the wound repair/regener-
ation process, a better understanding of the cellular
and molecular mechanisms underlying wound healing is

necessary. However, the biological events involved in
tissue repair as well as its failure to heal are still not fully
understood.8,9

Determining the healing status of a wound after a burn
trauma plays an important role in deciding on a suitable
treatment regimen. The techniques routinely used to

1Instituto de Pesquisas Energeticas e Nucleares (IPEN-CNEN/SP),
University of Sao Paulo (USP), Sao Paulo, Brazil
2Department of Biochemistry, Institute of Integrative Biology, University of
Liverpool, Liverpool, UK
3Instituto de Ciencias Biomedicas (ICB), University of Sao Paulo (USP), Sao
Paulo, Brazil

Corresponding author:
Denise M. Zezell, Instituto de Pesquisas Energeticas e Nucleares (IPEN-
CNEN/SP), University of Sao Paulo (USP), Av. Lineu Prestes, 2242, 05508-
000 Sao Paulo, Brazil.
Email: zezell@usp.br

Applied Spectroscopy

2020, Vol. 74(7) 758–766

! The Author(s) 2020

Article reuse guidelines:

sagepub.com/journals-permissions

DOI: 10.1177/0003702820919446

journals.sagepub.com/home/asp

74



study the mechanisms of wound tissue repair may include
histological examination of tissue biopsies, immunohisto-
chemistry, in situ hybridization, polymerase chain reaction,
etc.10–12 These methods are expensive, laborious, time-
consuming, and require multiple assays/stains. Thus, new
technologies that are able to determine the healing status
of a wound as well as to provide information for a better
understanding of the wound repair process in a simple and
fast way have been investigated over the last years. Infrared
spectroscopy and several other optical methods have been
proposed for the characterization of physical and chemical
properties of skin.13–19 Fourier transform infrared (FT-IR)
spectroscopy provides information about the overall bio-
chemical status of the examined sample based on the vibra-
tions of molecular structural units (lipids, proteins, nucleic
acids, and carbohydrates) that are infrared active.20 The
potential applications of FT-IR spectroscopy as a tool to
study biological samples has been well demonstrated over
the past years. Most studies have focused on using the bio-
chemical information retained by spectral data for the diag-
nosis of cancerous and non-cancerous diseases,21–25 as well
as to evaluate drug–disease interaction.6,26–29 However, the
molecular vibrations measured by FT-IR spectroscopy also
provides valuable information which can be used for analyz-
ing basic biological processes, such as cell division and death
mechanisms,30,31 presenting a great promise as a tool to
assess biological events triggered by wound repair.32–35 In
light of this, this study aims to evaluate the feasibility of FT-
IR spectroscopy to monitor the progress and healing status
of burn wounds based on the spectral changes associated
to the biochemical events in each healing phase.

Materials and Methods

Animal Experiment and Sample Preparation

After approval by the institutional Ethics Committee for
Animal Research (CEUA IPEN 165/15), burn injuries were
induced on the back of Wistar rats by applying water
vapor at 90 !C for 12 s.36,37 Tissue specimens were
extracted after 3, 7, 14, and 21 days of thermal injury,
as shown in Table I, in order to evaluate the progress and

healing status of the wound repair. The specimens were
cryopreserved, and longitudinally oriented sections of
5 mm thickness were placed in MirrIR low-E-coated
slides (Kevley Technologies, Chesterland, OH). Previous
studies have reported the occurrence of an electric field
standing wave artifact in thin samples placed onto low-E
coated slides, which may induce spectral distortions such
as alterations in the peak shape and position.38–42

According to Cui et al.,43 tissue sections thicker than
2–3 mm should be used in order to avoid undesirable
spectral distortions. Thus, in the present study, spectral
data were acquired from tissue sections of 5 mm thick-
ness. More than one biopsy was taken from each
animal, according to ethical committee guidelines.

FT-IR Spectroscopy

Spectral data were collected using an FT-IR system (Thermo
Nicolet 6700, Waltham, MA) operating with an attenuated
total reflectance accessory as sampling mode (Smart Orbit,
Thermo Scientific, Waltham, MA). Measurements were per-
formed in MID-infrared region (4000–400 cm–1) with spec-
tral resolution of 4 cm–1 and 150 scans per spectrum in
which tissue specimens were pressed into a diamond crys-
tal with an area of 2.25mm2. Spectral collections were per-
formed in a random mapping point-by-point in the entire
tissue biopsy.15 Up to 10 spectra were measured in each
tissue biopsy. Each spectrum obtained represents the equi-
distant measurement in each biopsy. After that, a spectral
quality control was performed.

Chemometric Analysis

Fingerprint region (900–1800 cm–1) and high wavenumber
region (2800–3000 cm–1) were truncated for posterior
offset–correction and normalized by amide I band area.
Second derivatives were calculated from spectra in order
to assess the overlapped sub-bands and smoothed by
Savitzky-Golay filter with a polynomial of second order in
a 13–point window. Spectra collected from healthy tissue
over the range of 1000–1400, 1500–1800, and 2800–
3000 cm–1 were compared to burn injuries using principal
component analysis (PCA).20,44 More information about
the selection of spectral range used as input for PCA is
provided in the supplemental material, in which accuracy,
sensitivity, and specificity are showed according to the heal-
ing stage (supplementary Appendix—PCA performance).
For chemometric validation, we compare the PCA results
with spectral barcodes based on Mann–Whitney U-test.45

A complete description of these evaluations is shown in the
Supplemental Material (Appendix—Chemometric
Validation). All chemometric methods, including the aver-
age spectrum and standard deviation from each group
according to post-burn days, were carried out on Matlab
R2015a (MathWorks, Natick, MA).

Table I. Experimental setup.

Group Post-burn No. of No. of No. of spectra
days rats tissue collected per

specimen group

G0 – 5 25 60

G1 3 10 40 65

G2 7 10 25 60

G3 14 10 25 30

G4 21 10 25 70
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Results

Histological Evaluation

Figure 1 shows histological sections of the skin tissue
before and after the burn experiment. The healthy skin
showed a typical histological organization: an outer epider-
mis formed by a thick squamous stratified epithelium and
an underlying dermis composed of dense connective
tissue (Fig. 1a).

On day 3 post-burn (Fig. 1b), the integrity of the skin
tissue was strikingly altered. The burn-wound lacked the
characteristic squamous stratified epithelium, and the
underneath dermis exhibited dense bundles of collagen
fibers. Prominent granulation tissue was observed in the
dermis wherein a wide inflammatory cell infiltration could
be identified. On day 7 post-burn (Fig. 1c), areas of re-
epithelization were observed on the surface of the burn-
wound, and the remodeling of dermis subjacent to the
burn-wound was still ongoing as dense bundles of collagen
fibers was observed in a random orientation. It was
observed that there was a noticeable decrease in the exten-
sion of granulation tissue and the number of inflammatory
cells in the dermis compared to the previous stage. On day
14 post-burn (Fig. 1d), re-epithelization was advanced. The
new epithelial layer completely covered the burn-wound
surface and exhibited intense cell proliferative activity in
its basal domain. Moreover, a distinct albeit discrete corneal
stratum was observed in the apical surface of the newly
formed epithelium. The subjacent dermis displayed a
loose connective tissue wherein numerous fibroblasts
were observed (Fig. 1d). Neither granulation tissue nor

inflammatory cell infiltrate was observed in the healing
tissue at this stage. On day 21 post-burn (Fig. 1d), the
healing burn-wound was fairly comparable to the healthy
skin in terms of histological organization. The epidermis
and dermis were completely re-stored and the skin surface
was entirely covered by a typical squamous stratified
epithelium.

FT-IR Spectroscopy

Figure 2 shows the averages of spectra and second deriva-
tives of healthy and post-burn wounds at different days
over the range of 1000–4000 cm–1. Spectral regions over
1400–1500 cm–1 and 1800–2800 cm–1 were excluded prior
spectroscopic analysis.

According to Fig. 2, alterations on band peak position as
well as the appearance or disappearance of infrared bands
were not observed between the groups. The vibrational
modes are identified on the second derivatives and their
biological assignments are summarized in Table II.

Differences in healthy tissue to skin submitted to ther-
mal injury measurements were compared using PCA in
order to monitor the biochemical changes induced by
the healing process in each time-point (3, 7, 14, and 21).
Figures 3a and 3c show score plots using the first (PC1) and
second (PC2) principal components obtained for G0 com-
pared to G1 and G2. Satisfactory data discrimination was
achieved in both cases along PC1, in which most scores
from G1 and G2 are grouped on negative values of PC1
axis, and scores from G0 lie in the positive values. Figures
3b and 3d depict the loadings associated to PC1 in each

Figure 1. Representative photomicrographs of healthy skin (a) and burn-wound during the healing process (b–e). (b) day 3 post-burn;
(c) day 7 post-burn; (d) day 14 post-burn; (e): day 21 post-burn. EP: epidermis; D: dermis; GT: granulation tissue; CS: corneal stratum;
thin arrow—inflammatory infiltrate; *Dense collagen bundles; Loose connective tissue; large arrow is epithelial proliferative area.
Hematoxylin and Eosin staining. 100" magnification.
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pairwise comparison and retain information about the vari-
ables responsible by different groupings along PC1 axis in
the score plots. Considering that PCA was applied on the
second derivatives, positive scores are related to negative
loadings and negative scores are related to positive
loadings.

In both cases, positive loadings were evidenced for all
vibrational modes, indicating an increase in the amount of
carbohydrates (1028 and 1082 cm–1), proteins (1202, 1235,
1280, 1340, 1626, and 1653 cm–1), and lipids (1745, 2852,
and 2924 cm–1) in the tissue from groups thermally injured.

Figures 4a and 4c depict scores plots (PC1" PC2)
obtained for G0 compared to spectral data collected
from G3 and G4. Scores associated with spectra from G0
lie on the negative values of PC1, whereas scores from G3

and G4 are grouped on positive values. Loadings of PC-1
(Figs. 4b and 4d) indicated a decrease in the amount of
carbohydrates, proteins, lipids, and nucleic acids in the
post-burn groups.

Spectral data from groups submitted to thermal injury
were also compared to each other in order to evaluate
the metabolic activity during the healing process. PCA
scores obtained comparing spectral data from G1 to G3
and G4 groups are shown in Figs. 5a and 5c, in which the
first principal component provided satisfactory data discrim-
ination. Loadings of PC1 from each pairwise comparison are
shown in Figs. 5b to 5d and revealed higher amount of carbo-
hydrates, proteins, lipids, and nucleic acids in spectral data
collected from G1 (three days post-burn) in both cases.

Similar findings were obtained comparing G2"G3 and
G2"G4 as shown in Fig. 6. On the other hand, satisfactory
data discrimination was not observed in the score plots of
G3"G4, suggesting that no clear biochemical changes are
noticed between spectra from both groups at these days of
healing process.

Discussion

Our results using PCA revealed similar biochemical infor-
mation for the pairwise comparisons G0"G1 and
G0"G2, in which higher content of carbohydrates, pro-
teins, lipids, and nucleic acids were identified in the post-
burn groups. These findings indicate intense metabolic
activity after the burn trauma and are associated with the
cascade of events triggered by the thermal injury.
Immediately after the trauma, biological events associated
to the homeostasis phase are activated in the wound site.
Blood clots are formed on the wound surface to stop the
bleeding and migratory cells playing different roles in the
healing task are attracted to the region.6,49 In our study, no

Figure 2. Averages and standard deviation of spectra (a) and second derivatives (b) of healthy and post-burn wounds at different days
of healing process over the range 1000–3000 cm–1.

Table II. Biological assignments for vibrational modes observed
in the second derivative of averaged spectra.

Band (cm–1) Assignment References

1029 Carbohydrates 46,47

1082 Carbohydrates 46,47

and nucleic acids

1202 Proteins 46,47

1235 Proteins 46–48

and nucleic acids

1280 Proteins 46,47

1340 Proteins 46,48

1626 Proteins 46–48

1653 Proteins 46,47

1745 Lipids 46,47

2852 Lipids 46,47,49

2924 Lipids 46,47,49
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Figure 3. (a,c) PCA score plots obtained by the two main principal components (PC1" PC2) for days 3 and 7 compared to healthy
tissue. (b,d) Loadings associated to the first principal component obtained by each pairwise comparison (G0"G1 and G0"G2).
White circles represent scores related to spectra of healthy tissue, hexagram and pentagram relate to spectra collected for days 3
and 7 post-burn.

Figure 4. (a,c) Score plots using PC1 and PC2 obtained for G0"G3 and G0"G4 pairwise comparisons. (b,d) Loadings of PC1. White
circles represent scores related to spectra of healthy tissue, diamond and gray circles relate to spectra collected for days 14 and 21 post-
burn.
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Figure 5. (a,c) Score plots using PC1 and PC2 obtained for G1"G3 and G1"G4 pairwise comparisons. (b,d) Loadings of PC1. Black
hexagram represents scores related to spectra of day 3 post burn tissue, diamond and gray circles relate to spectra collected for days 14
and 21 post-burn.

Figure 6. (a,c) Score plots using PC1 and PC2 obtained for G2"G3 and G2"G4 pairwise comparisons. (b,d) Loadings of PC1. Gray
pentagram represent scores related to spectra of day 7 post-burn tissue, diamond and gray circles relate to spectra collected for days 14
and 21 post-burn.
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tissue was extracted immediately after the thermal injury;
therefore, the events associated to homeostasis were not
evaluated. Concurrent to the homeostasis, growth factors,
cytokines, and chemokines released on the wound area
activate an inflammatory response, therefore initiating the
inflammatory phase.6,49 It is important to notice that the
biological events associated to the distinct phases that regu-
late the healing process are overlapped and vary with the
severity of the burn trauma (size and depth), location, infec-
tion, and other characteristics particular to each individual
(age, genetic conditions, etc).7 Thus, there is no consensus
about the exact duration of each phase of the wound repair,
since this is a multifactorial process influenced by all the
factors mentioned above. According to Landen et al., the
inflammation in normal skin wound healing usually lasts for
2–5 days after injury.6,50 On the other hand, Xue et al.
stated that inflammation progresses to the proliferative
phase after 2–3 days.51 In our study, intense inflammatory
cell infiltration was evidenced by histological examination
after three and seven days of thermal injury, indicating that
the inflammatory phase is still ongoing at the seventh day.

Histological aspects of granulation tissue were also
observed at three and seven days of wound healing and
indicate that proliferative phase has already initiated.
Fibroblasts attracted to the wound site synthesize granula-
tion tissue in order to restore the network of blood vessels
to provide nutrition and oxygen to the growing healing
tissue. Granulation tissue is composed of fibrous proteins
such as collagen and elastin,6,49 which present vibrational
modes over the range 1200–1400 cm–1 due to its fibrous
structure.51 Besides these bands, the secondary structure
of fibrous proteins also have vibrations peaking at Amide I
region. Thus, overexpression of Amide I and the increased
absorption of bands peaking at 1202, 1235, 1280, and
1338 cm–1 revealed by PCA in the spectra from G1 and
G2 indicate the intense synthesis of collagen and elastin
demanded to the formation of granulation tissue and extra-
cellular matrix (ECM). The overexpression of sub-bands of
Amide I is also influenced by the contribution of non-
fibrous proteins playing different roles during the healing
process. Granulation tissue is also composed by other
ECM components such as glycoproteins, proteoglycans, gly-
cosaminoglycans, and hyaluronic acid.6 These molecules are
essentially constituted by carbohydrates (monosaccharides,
disaccharides, polysaccharides) associated or not to other
molecules and have vibrational modes peaking at 1029 and
1082 cm–1. The overexpression of these bands in the spec-
tra of G1 and G2 groups indicate the high demand of these
molecular structural units during the wound repair.

Higher amount of lipids were identified by PCA at three
and seven days following burn wounding and may reflect the
direct involvement of some lipids in cell signaling (such as
phosphatidic acid, phosphoinositide, and diacylglycerol)52 as
well as source of energy (triglycerides, diglycerides, choles-
terol, free fat acids) for cell proliferation (growth and

division), migration and for synthesis of cellular
matrix.53,54 Besides the metabolic and energetic changes
induced by the intense proliferation of cells in the wound
site during the healing process, an increase in the nucleic
acids content may also be expected. In fact, spectral signa-
tures peaking at 1082 and 1235 cm–1, which are associated
with symmetric and asymmetric phosphate stretching from
nucleic acids, presented overexpression in the spectral data
from G1 and G2.

Histological aspects observed at the 14th and 21st days
of healing indicated partial and full recovery, respectively.
Neither granulation tissue nor inflammatory cell infiltrate
was observed in the healing tissue at these days, indicating
that proliferative phase has ended and the remodeling
phase is in process. At this stage, the collagen III produced
in the ECM is replaced by collagen I, the number of new
blood vessels decrease, the skin components are restored
(hair follicles and sweat glands), and fibroblasts are differ-
entiated into myofibroblasts in order to express as smooth
muscle actin that contract the wound.6 Fibroblasts were
identified in the dermis at the 14th day, but not observed
at the 21st day of healing, suggesting that wound contrac-
tion is over. At 21 days post-burn, the skin presented histo-
logical aspects of normality, therefore indicating that the
healing process has ended.

The ability of PCA to discriminate spectral data from
different groups is associated to the biochemical level of
similarity between the groups compared. No clear bio-
chemical changes were observed by PCA comparing G3
and G4 spectra to each other, which may be an indicative
that both groups are in the same healing phase. On the
other hand, decreased amounts of carbohydrates, proteins,
nucleic acids, and lipids were identified comparing G3 and
G4 to G1 and G2, indicating that metabolic activity induced
by thermal injury decreases as the healing process pro-
gresses. Reduced amounts of tissue molecular units were
also evidenced comparing G3 and G4 to G0, suggesting that
despite the similar histological aspects, healed tissue is bio-
chemically different of healthy skin.

Determining the state of wound repair is of great
importance in deciding the appropriate treatment for a
thermally injured patient. However, the current methods
used to obtain detailed information about the status of
tissue repair are laborious, time-consuming, and expen-
sive. In our study, we demonstrate that FT-IR spectros-
copy is able to provide information about the healing
status of a wound based on the biochemical information
retained by spectral signatures in each phase of healing.
Although the method is not capable of identifying specific
molecules when compared to molecular tests, as well as
assess spatial differences provided by FT-IR imaging, our
findings indicate that FT-IR spectroscopy is able to evalu-
ate the progress of tissue repair including full recovery
based on the biological events triggered by third-degree
burn trauma.
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Conclusion

In this study, FT-IR spectroscopy was used to monitor the
progress and healing status of cutaneous wounds after
third-degree burn trauma. Tissue collected on days 3 and
7 presented higher amounts of carbohydrates, proteins,
lipids, and nucleic acids compared to healthy skin, indicating
intense metabolic activity at these phases of wound healing.
Pairwise comparison of post-burn groups revealed that
metabolic activity induced by thermal injury decreases as
the healing process progresses. On days 14 and 21 post-
burn, healed tissue presented reduced amounts of molecu-
lar structural units compared to healthy skin, suggesting
that biological events triggered by burn trauma are signifi-
cantly reduced and the healing process is over. Our findings
demonstrate that FT-IR spectroscopy can monitor the bio-
logical events triggered by burn trauma as well as to detect
the wound repair status including full recovery based on the
spectral changes associated to the biochemical events in
each phase.

Declaration of Conflicting Interests

The author(s) declared no potential conflicts of interest with
respect to the research, authorship, and/or publication of this
article.

Funding

This study was supported by FAPESP (CEPID 05/51689-2, 17/
50332-0, 13/26113-6), CAPES/PROCAD 88881.068505/2014-01,
CNPq (INCT-465763/2014-6, PhD-grant-141946/2018-0 and
141629/2015-0, PQ-309902/2017-7).

ORCID iDs

Pedro Castro https://orcid.org/0000-0003-0487-7902
Denise Zezell https://orcid.org/0000-0001-7404-9606

Supplemental Material

The supplemental material mentioned in the text, consisting of
Tables S1 to S4, is available in the online version of the journal.

References

1. World Health Organization. ‘‘WHO Media Center Fact Sheets:Burns’’.
(2018). https://www.who.int/news-room/fact-sheets/detail/burns [accessed
Oct 30 (2019)].

2. G.G. Pereira, S.S. Guterres, A.G. Balducci, et al. ‘‘Polymeric Films
Loaded with Vitamin E and Aloe vera for Topical Application in the
Treatment of Burn Wounds’’. BioMed Res. Int. 2014. 2014: 1–9.

3. C. Smolle, J.C. Daniel, A.A. Forbes, et al. ‘‘Recent Trends in Burn
Epidemiology Worldwide: A Systematic Review’’. Burns. 2017. 43(2):
249–257.

4. E.J. Mulholland, N. Dunne, H.O. McCarthy. ‘‘MicroRNA as Therapeutic
Targets for Chronic Wound Healing’’. Mol. Ther. Nucleic Acids. 2017.
8: 46–55.

5. S. Dekoninck, C. Blanpain. ‘‘Stem Cell Dynamics, Migration and
Plasticity During Wound Healing’’. Nat. Cell Biol. 2019. 21(1): 18–24.

6. N.X. Landen, D. Li, M. Stahle. ‘‘Transition From Inflammation to
Proliferation: A Critical Step During Wound Healing’’. Cell. Mol. Life
Sci. 2016. 73(20): 3861–3885.

7. B. Magne, J.J. Lataillade, M. Trouillas. ‘‘Mesenchymal Stromal Cell

Preconditioning: The Next Step Toward a Customized Treatment

For Severe Burn’’. Stem Cells Dev. 2018. 27(20): 1385–1405.
8. S.A. Eming, P. Martin, M.T. Canic. ‘‘Wound Repair and Regeneration:

Mechanisms, Signaling, and Translation’’. Sci. Transl. Med. 2014. 6(265):

265–256.
9. M. Takeo, W. Lee, M. Ito. ‘‘Wound Healing and Skin Regeneration’’.

Cold Spring Harbor Perspect. Med. 2015. 5(1): a023267.
10. A. Andreoli, M.T. Ruf, G.E. Sopoh, et al. ‘‘Immunohistochemical

Monitoring of Wound Healing in Antibiotic Treated Buruli Ulcer

Patients’’. PLoS Neglected Trop. Dis. 2014. 8(4): e2809.
11. J. Zhang, J. Guan, X. Niu, et al. ‘‘Exosomes Released From Human

Induced Pluripotent Stem Cells-Derived MSCs Facilitate Cutaneous

Wound Healing by Promoting Collagen Synthesis and Angiogenesis’’.

J. Transl. Med. 2015. 13: 49.
12. J.R. Guo, L. Yin, Y.Q. Chen, et al. ‘‘Autologous Blood Transfusion

Augments Impaired Wound Healing in Diabetic Mice by Enhancing

lncRNA H19 Expression via the HIF-1! Signaling Pathway’’. Cell

Commun. Signaling. 2018. 16(1): 84.
13. N.S. Greaves, B. Benatar, S. Whiteside, et al. ‘‘Optical Coherence

Tomography: A Reliable Alternative to Invasive Histological

Assessment of Acute Wound Healing in Human Skin’’. Br. J.

Dermatol. 2014. 170(4): 840–850.
14. R. Jain, D. Calderon, P.R. Kierski, et al. ‘‘Raman Spectroscopy Enables

Noninvasive Biochemical Characterization and Identification of the

Stage of Healing of a Wound’’. Anal. Chem. 2014. 86(8): 3764–3772.
15. C.A. Lima, V.P. Goulart, L. Correa, et al. ‘‘ATR-FTIR Spectroscopy for

the Assessment of Biochemical Changes in Skin Due to Cutaneous

Squamous Cell Carcinoma’’. Int. J. Mol. Sci. 2015. 16(4): 6621–6230.
16. C.A. Lima, V.P. Goulart, L. Correa, et al. ‘‘Using Fourier Transform

Infrared Spectroscopy to Evaluate Biological Effects Induced by

Photodynamic Therapy’’. Lasers Surg. Med. 2016. 48(5): 538–545.
17. K.P. Quinn, K.E. Sullivan, Z. Liu, et al. ‘‘Optical Metrics of the

Extracellular Matrix Predict Compositional and Mechanical Changes

after Myocardial Infarction’’. Sci. Rep. 2016. 6: 35823.
18. M.O.D. Santos, A. Latrive, P.A.A. Castro, et al. ‘‘Multimodal Evaluation

of Ultra-Short Laser Pulses Treatment for Skin Burn Injuries’’. Biomed.

Opt. Express. 2017. 8(3): 1575–1588.
19. D. Ami, P. Mereghetti, A. Foli, et al. ‘‘ATR-FTIR Spectroscopy

Supported by Multivariate Analysis for the Characterization of

Adipose Tissue Aspirates from Patients Affected by Systemic

Amyloidosis’’. Anal. Chem. 2019. 9(4): 2894–900.
20. M.J. Baker, J. Trevisan, P. Bassan, et al. ‘‘Using Fourier Transform IR

Spectroscopy to Analyze Biological Materials’’. Nat. Protoc. 2014.

9(8): 1771–1791.
21. M. Diem, A. Mazur, K. Lenau, et al. ‘‘Molecular Pathology via IR and

Raman Spectral Imaging’’. J. Biophotonics. 2013. 6(11–12): 855–886.
22. A.C.S. Talari, M.A.G. Martinez, Z. Movasaghi, et al. ‘‘Advances in

Fourier Transform Infrared (FTIR) Spectroscopy of Biological

Tissues’’. Appl. Spectrosc. Rev. 2016. 52(5): 456–506.
23. M. Paraskevaidi, C.L.M. Morais, K.M.G. Lima, et al. ‘‘Differential

Diagnosis of Alzheimer’s Disease Using Spectrochemical Analysis of

Blood’’. Proc. Natl. Acad. Sci. U. S. A. 2017. 114(38): E7929–E7938.
24. S. Roy, D.P. Guaita, D.W. Andrew, et al. ‘‘Simultaneous ATR-FTIR

Based Determination of Malaria Parasitemia, Glucose and Urea in

Whole Blood Dried onto a Glass slide’’. Anal. Chem. 2017. 89(10):

5238–5245.
25. M.J. Baker, H.J. Byrne, J. Chalmers, et al. ‘‘Clinical Applications of

Infrared and Raman Spectroscopy: State of Play and Future

Challenges’’. Analyst. 2018. 143(8): 1735–1757.
26. P.L. Fale, A. Altharawi, K.L. Chan. ‘‘In situ Fourier transform infrared

analysis of live cells’ response to doxorubicin’’. Biochim. Biophys. Acta.

2015. 1853(10): 2640–2648.
27. S. Kalmodia, S. Parameswaran, W. Yang, et al. ‘‘Attenuated Total

Reflectance Fourier Transform Infrared Spectroscopy: An Analytical

Zezell et al. 765

81



Technique to Understand Therapeutic Responses at the Molecular
Level’’. Sci. Rep. 2015. 5: 16649.

28. A.L.B. Carvalho, M. Pilling, P. Gardner, et al. ‘‘Chemotherapeutic
Response to Cisplatin-like Drugs in Human Breast Cancer Cells
Probed by Vibrational Microspectroscopy’’. Faraday Discuss. 2016. 187:
273–298.

29. E. Giorgini, S. Sabbatini, R. Rocchetti, et al. ‘‘In vitro FTIR
Microspectroscopy Analysis of Primary Oral Squamous Carcinoma
Cells Treated with Cisplatin and 5-Fluorouracil: A New
Spectroscopic Approach for Studying the Drug–Cell Interaction’’.
Analyst. 2018. 143(14): 3317–3326.

30. S.B. White, M. Romeo, T. Chernenko, et al. ‘‘Cell-Cycle-Dependent
Variations in FTIR Micro-Spectra of Single Proliferating HeLa Cells:
Principal Component and Artificial Neural Network Analysis’’.
Biochim. Biophys. Acta. 2006. 1758(7): 908–914.

31. U. Zelig, J. Kapelushnik, R. Moreh, et al. ‘‘Diagnosis of Cell Death
by Means of Infrared Spectroscopy’’. Biophys. J. 2009. 97(7):
2107–2114.

32. A. Pielesz, D. Binias, E. Sarna, et al. ‘‘Active Antioxidants in Ex-Vivo
Examination of Burn Wound Healing by Means of IR and Raman
Spectroscopies – Preliminary Comparative Research’’. Spectrochim.
Acta, Part A. 2017. 173: 924–930.

33. G.J.V. Zapien, M.M.M. Miranda, F.J.G. Sanchez, et al. ‘‘Biomolecular
Characterization by FTIR Microspectroscopy in the Modeling Phase
of Wound Cicatrization in a Murine Model of Excisional Injury’’. Int. J.
Morphology. 2019. 37(4): 1234–1244.

34. N.J. Crane, E.A. Elster. ‘‘Vibrational Spectroscopy: A Tool Being
Developed for the Noninvasive Monitoring of Wound Healing’’.
J. Biomed. Opt. 2012. 17(1): 010902.

35. K.L.A. Chan, G. Zhang, M.T. Canic, et al. ‘‘A Coordinated Approach to
Cutaneous Wound Healing: Vibrational Microscopy and Molecular
Biology’’. J. Cell. Mol. Med. 2008. 12(5b): 2145–2154.

36. W.A. Dorsett-Martin, A.B. Wysocki. ‘‘Rat Models of Skin Wound
Healing’’. In: P.M. Conn, editor. Sourcebook of Models for
Biomedical Research. New Jersey, USA: Humana Press, 2008.

37. A. Abdullahi, S.A. Nik, M.G. Jeschke. ‘‘Animal Models in Burn
Research’’. Cell. Mol. Life Sci. 2014. 71(17): 3241–3255.

38. S. Liyanage, A. Noureddine. ‘‘Fourier Transform Infrared Applications
to Investigate Induced Biochemical Changes in Liver’’. Appl. Spectrosc.
Rev. 2019. 1–33. DOI: 10.1080/05704928.2019.1692307.

39. J. Filik, M.D. Froglev, J.K. Pijanka, et al. ‘‘Electric Field Standing Wave
Artefacts in FTIR Micro-Spectroscopy of Biological Materials’’. Analyst.
2012. 137: 853–861.

40. S.G. Kazarian, K.L.A. Chan. ‘‘ATR-FTIR Spectroscopic Imaging: Recent
Advances and Applications to Biological Systems’’. Analyst. 2013. 138:
1940–1951.

41. P. Bassan, A. Sachdeva, J. Lee, et al. ‘‘Substrate Contributions in Micro-
ATR of Thin Samples: Implications for Analysis of Cells, Tissue and
Biological Fluids’’. Analyst. 2013. 38: 4139–4146.

42. K.L.A. Chan, S.G. Kazarian. ‘‘Correcting the Effect of Refraction and
Dispersion of Light in FT-IR Spectroscopic Imaging in Transmission
through Thick Infrared Windows’’. Anal. Chem. 2013. 85: 1029–1036.

43. L. Cui, H.J. Butler, P.L.M. Hirsch, et al. ‘‘Aluminium Foil as a Potential
Substrate for ATR-FTIR, Transflection FTIR or Raman
Spectrochemical Analysis of Biological Specimens’’. Anal. Methods.
2016. 8(3): 481–487.

44. C.L.M. Morais, M. Paraskevaidi, L. Cui, et al. ‘‘Standardization of
Complex Biologically Derived Spectrochemical Datasets’’. Nat.
Protoc. 2019. 14(5): 1546–1577.

45. J. Nallala, O. Piot, M.D. Diebold, et al. ‘‘Infrared Imaging as a Cancer
Diagnostic Tool: Introducing a New Concept of Spectral Barcodes for
Identifying Molecular Changes in Colon Tumors’’. Cytometry Part A.
2013. 83A(3): 294–300.

46. Z. Movasaghi, S. Rehman, I.U. Rehman. ‘‘Fourier Transform Infrared
(FTIR) Spectroscopy of Biological Tissues’’. Appl. Spectrosc. Rev.
2008. 43(2): 134–179.

47. M. Diem. ‘‘Appendix F: Infrared and Raman Spectra of Selected
Cellular Components’’. In: Modern Vibrational Spectroscopy and
Micro-Spectroscopy. Northeastern University, USA: John Wiley and
Sons, 2015. pp. 399–403.

48. K. Belbachir, R. Noreen, G. Gouspillou, et al. ‘‘Collagen Types Analysis
and Differentiation by FTIR Spectroscopy’’. Anal. Bioanal. Chem. 2009.
395(3): 829–837.

49. H.A. Owida, A.V. Rutter, G. Cinque, et al. ‘‘Vibrational Spectroscopic
Monitoring and Biochemical Analysis of Pericellular Matrix Formation
and Maturation in a 3-Dimensional Chondrocyte Culture Model’’.
Analyst. 2018. 143(24): 5979–5986.

50. V.L. Kozel’tsev, T.V. Volodina, A.N. Pankrushina, et al. ‘‘Changes in
Wound Field Lipids in Rat Skin’’. Bull. Exp. Biol. Med. 2006. 142(4):
493–494.

51. M. Xue, C.J. Jackson. ‘‘Extracellular Matrix Reorganization During
Wound Healing and Its Impact on Abnormal Scarring’’. Adv. Wound
Care (New Rochelle). 2015. 4(3): 119–136.

52. J.J. Hew, R.J. Parungao, H. Shi, et al. ‘‘Mouse Models in Burns Research:
Characterisation of the Hypermetabolic Response to Burn Injury’’.
Burns. 2019. PII: S0305-4179(19)30434-6. DOI: 10.1016/
j.burns.2019.09.014.

53. R. Cheheltani, C.M. McGoverin, J. Rao, et al. ‘‘Fourier Transform
Infrared Spectroscopy to Quantify Collagen and Elastin in an in
Vitro Model of Extracellular Matrix Degradation in Aorta’’. Analyst.
2014. 139(12): 3039–3047.

54. G. Yu, O. Stojadinovic, M.T. Canic, et al. ‘‘Infrared Microscopic Imaging
of Cutaneous Wound Healing: Lipid Conformation in the Migrating
Epithelial Tongue’’. J. Biomed. Opt. 2012. 17(9): 96009–1.

766 Applied Spectroscopy 74(7)

82



Supplemental Material 

Monitoring the Progress and Healing Status of Burn Wounds Using 

Infrared Spectroscopy  

Pedro A.A. Castro1, Cassio A. Lima1,3, Mychel R. P. T. Morais2, Telma M. T. Zorn2, and Denise 

M. Zezell 1 

1. Instituto de Pesquisas Energeticas e Nucleares (IPEN-CNEN/SP)–University of Sao Paulo 

(USP), Brazil 

2. Instituto de Ciencias Biomedicas (ICB)–University of Sao Paulo (USP), Brazil  

3. Department of Biochemistry, Institute of Integrative Biology, University of Liverpool, 

Biosciences Building, Crown Street, Liverpool L69 7ZB, United Kingdom  

 

APPENDIX 

PCA Performance 

All data collected were obtained aiming to increase performance of the PC discrimination scores. 

First, we removed the unmeaningful part of spectra, (from 1800 to 2800 cm–1) in which there are 

bands associated that CO2. We applied this procedure as shown in Table S1: 

 

Table S1. Discriminant Scores of PCs with (1000 to 1800) cm–1 + (2800 to 3000) cm–1 

region.  
PC1 X PC2  

( 1000–1800 + 2800–3000 cm–1) 

 

Accuracy (%) 

 

Sensitivity (%) 

 

Specificity (%) 

Healthy versus Day 3 post burn 
77.60 71.62 86,27 

Healthy versus Day 7 post burn 
76.67 68,60 97 

Healthy versus Day 14 post burn 
71.91 87.23 54.76 

Healthy versus Day 21 post burn 
86.92 90.57 84.42 
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In terms of satisfactory scores of discriminants analysis, we noticed that the comparison 

"Healthy versus Day 14 post burn" relies in the low score ranking. In view of this, based on our 

table of biological assignment, the region 1400–1500 cm–1 does not represent relevant bands to 

our purpose. Therefore, we have removed this region as well, and the performance comparisons 

by using the new wavenumbers range are summarized in Table S2, which evaluated again the 

scores of discriminant analysis: 

 

Table S2. Discriminant Scores of PCs with removing the region 1400–1500 cm–1 region.  
PC1 X PC2  

( 1000–1800 + 1500–1800 +  2800–3000 cm–1) 

 

Accuracy (%) 

 

Sensitivity (%) 

 

Specificity (%) 

Healthy versus Day 3 post burn 
80 68 93 

Healthy versus Day 7 post burn 
80 60 100 

Healthy versus Day 14 post burn 
78 75 82 

Healthy versus Day 21 post burn 
92 100 83 

 
As it can be noted in Table S2, we found that the PCA performance increases by removing the 

wavenumber region from 1400 to 1500 cm–1 . 

 

APPENDIX 

Chemometric Validation 

In order to validate our PCA discriminative performance, we adopted the methodology proposed 

by Nallala45 to generate evaluation report of pairwise comparison as exposed in Table S3: 

 

Table S3. Mann–Whitney U test for wavenumbers discriminant Healthy versus Burn. The 

n.s indicates that no statistical significance was obtained with the pairwise comparison. 
Mann–Whitney U�ætest (P<0.01) 1000–1400 cm–1 1500–1800 cm–1 2800–3000 cm–1 
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Healthy versus Day 3 post burn 
n.s. 1745 2852 

Healthy versus Day 7 post burn 
n.s. 1745 2852 

Healthy versus Day 14 post burn 
1235, 1280 n.s. n.s. 

Healthy versus Day 21 post burn 
1280 1745 2852 

 
 As it see here, the pairwise comparison using Mann–Whitney U-test showed satisfactory 

discriminant between healthy and burn wounds (p< 0.01) where pointed out. We also have made 

the Mann–Whitney U-test for burn wounds evaluation, as follow in the Table S4: 

 

Table S4. Mann–Whitney U test for wavenumbers discriminant burn groups.  
Mann–Whitney U�ætest (P<0.01) 1000–1400 cm–1 1500–1800 cm–1 2800–3000 cm–1 

Day 3 post burn versus Day 7 post burn 
n.s.* n.s. n.s. 

Day 3 post burn versus Day 14 post burn 
1029; 1082; 1235; 

1280; 1340 

1626, 1653, 1745 2852 

Day 3 post burn versus Day 21 post burn 
1029; 1082; 1235; 

1280; 1340 

1626; 1653; 1745 2852; 2924 

Day 7 post burn versus Day 14 post burn 
1029; 1235; 1280 1653 n.s. 

Day 7 post burn versus Day 21 post burn 
1029, 1235; 1280 1626; 1745 2852; 2924 

Day 14 post burn versus Day 21 post 

burn 

n.s. n.s. n.s. 

* n.s. = no statistical significance was obtained with the pairwise comparison. 

 

 As showed in Table S4, there are no statistical differences in the “Day 3 post burn versus 

Day 7 post burn” and “Day 14 post burn versus Day 21 post burn”. Those results agree with our 

PCA evaluation. 
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a b s t r a c t

The health care application of ionizing radiation has expanded worldwide during the last several decades.
While the health impacts of ionizing radiation improved patient care, inaccurate handling of radiation
technology is more prone to potential health risks. Therefore, the present study characterizes the bone
dose response using bovine femurs from a slaughterhouse. The gamma irradiation was designed into
low-doses (0.002, 0.004 and 0.007 kGy) and high-doses (1, 10, 15, 25, 35, 50 and 60 kGy), all samples
received independent doses. The combination of FTIR spectroscopy and PLS-DA allows the detection of
differences in the control group and the ionizing dose, as well as distinguishing between high and low
radiation doses. In this way, our findings contribute to future studies of the dose response to track ion-
izing radiation effects on biological systems.

! 2022 Published by Elsevier B.V.

1. Introduction

The health care application of ionizing radiation has expanded
worldwide during the last several decades [1]. It is estimated that

more than 3,600 million diagnostic radiology examinations are
performed annually, in which 7.5 million radiotherapy treatments
are administered [2]. An established beneficial effect occurs on liv-
ing organisms, such as improving the immune system [3], anti-
inflammatory [4,5], radiation hormesis[6], cell growth stimulation
[7], and lower mortality rate [8,9]. Additionally, radiation steriliza-
tion relies on ionizing radiation to deactivate microorganisms such
as bacteria, fungi, viruses and spores [10,11]. It also could be a
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common method for the sterilization of connective tissue allo-
grafts, for example skin, cartilage, bone, tendons, heart valves
and corneas [12]. Because of its effectiveness, ionizing radiation
render as an essential technique for minimizing disease transmis-
sion and infection [12].

Advances in radiation technology have led to earlier diagnosis
and less invasive treatments of human disease. However, even
with the significant benefit of ionizing radiation in improving
patient care, a thorough knowledge of the ionizing radiation con-
sequences may reduce the overall health risk. Despite multiple
studies investigating the health impacts of ionizing radiation,
the effects of dose-rate and its possible implications are still
not fully described [13]. Furthermore, recent developments in
the field of biodosimetry have demonstrated that biological
response to ionizing radiation depends not only on the radiation
type and dose, but also on the type of biological system exposed
and their response time [14]. Therefore, in the event of a large-
scale radiological accident, sensitive and high-throughput
diagnosis of victims is essential to evaluate the extent of radia-
tion damage efficiently aiming to initiate medical treatment
when necessary [15].

In the bone dose response context, the assessment of the molec-
ular and cellular mechanisms of action induced by ionizing radia-
tion can lead to the development of novel therapeutics capable of
enhancing the efficacy of radiotherapy and adding support to irra-
diated autograft surgery [13]. Novel delivery methods are driven
by an understanding of the fundamental physical interactions of
radiation within biological tissue and the dependence of radiation
damage response on those initial physical damages [15]. In this
sense, Fourier transform infrared (FTIR) spectroscopy is an optical
method that has been widely adopted in biomedical research as
it provides high-speed background-free information regarding
the vibrational modes of biological molecules, and thereby enables
a correlation between spectral features and structural changes
[16,17].

Biomolecules such as lipids, proteins, nucleic acids, and car-
bohydrates play an important role in the FTIR spectrum [18].
Their biochemical activities can be evaluated through alter-
ations in peak positions, band shapes, intensities, and band
area values [18,19]. Therefore, the aim of this study is to pro-
file subtle changes in the biochemical content of bone dose
response using FTIR spectroscopy combined with chemometric
analysis.

2. Material and methods

2.1. Bone processing

The specimens of bovine femurs were purchased from a slaugh-
terhouse that is certified to process bones and kept at "20 "C.
Experimental procedures were conducted under the guidance of
the institutional Ethics Committee for Animal Research (CEUA IPEN
120/13). The bone sample assessment was performed using a total
of five bovine femurs, one from each animal, which amounted to
two fragments of each femur per group.

From the selected bovine femurs, the soft tissues associated
with the bone were manually removed with a scalpel and thereby
the diaphysis region was extracted. After this cleaning step, sam-
ples were designed into an area of 10 mm2 using a water refriger-
ated low speed 0.3 mm diamond saw blade (Accutom-5, Struers s/
a, Ballerup, Denmark). Additionally, the bone samples were ground
until they reached a thickness of 2 mm[20]. After packing the
femur diaphysis in Eppendorf tubes with cotton (moist with dis-
tilled water), up to 110 samples were randomly distributed
between the groups (n = 10) and placed in a freezer at "20 "C for
further independent irradiation experiment.

2.2. Irradiation procedure

Ionizing radiation was applied to bone samples (dose rate of
0.79 kGy/h) using a multipurpose irradiator equipped with a
Cobalt-60 source (Gammacell, model 220, series 142, manufac-
tured by Atomic Energy of Canada Limited). The gamma irradiation
was designed into low-doses (0.002, 0.004 and 0.007 kGy) and
high-doses (1, 10, 15, 25, 35, 50 and 60 kGy), all samples received
independent doses. Fig. 1 illustrates the processing of bone.

2.3. FTIR spectroscopy

Spectral data were acquired using an FTIR system (Thermo
Nicolet 6700, Waltham, MA) which was equipped with an attenu-
ated total reflectance accessory (Smart Orbit, Thermo Scientific,
Waltham, MA). This FTIR spectroscopy study was conducted in
the MID-infrared region (4000–400 cm"1) with spectral resolution
of 4 cm"1 and 100 scans. Bone samples were mounted into a dia-
mond crystal with an area of 2.25 mm2. The most relevant bands
present in the spectrum are shown in Table 1.

Prior to analyzing the raw spectra datasets, the 400–1800 cm"1

and 2800–3100 cm"1 regions were truncated and the quality con-
trol procedure resulted in 82 spectra per group. As a preliminary
step, we applied a Savitzky-Golay smoothing filter (a second order
polynomial with 11 points) followed by baseline correction (itera-
tive polynomial fitting algorithm). Afterwards, spectral data were
normalized by a robust normal variate for further absorbance
ratios calculation [25–27] . The absorbance ratios and areas under
the examined bands are summarized in Table 2.

2.4. Chemometrics

Partial least squares discriminant analysis (PLS-DA) is a method
for multivariate data discrimination. A wide variety of applications
have been developed in chemometrics, as well as in areas such as
genomics, proteomics, metabolomics, and particularly for vibra-
tional spectroscopy [19,32].

Prior to the development of the PLS-DA model, Student’s two-
sample t-test analyses were performed to maximize the differ-
ences between doses of ionizing radiation with the control group
(supplementary material)[33]. As a result of this process, the fol-
lowing parameters were determined as the most discriminative
spectral markers: Carbonate Accumulation, Carbonate to Mineral,
Mineral to Matrix, Mineral Maturity, Crystallinity, Secondary
Structure of Protein, Area 3070 cm"1, Area 1201 cm"1, Area
1240 cm"1, Area 1317 cm"1, Area 1547 cm"1.

Furthermore, the variable importance in projection (VIP) score
was employed in our spectral markers. Basically, VIP summarizes
the effect of a feature based on the calculation of a weighted
sum of the squared correlations between the PLS-DA components
and the original variable. The weights correspond to the percent-
age variation explained by the PLS-DA component, which indicates
how well a group of variables can be considered more important to
describe a given model. For a straightforward interpretation of the
PLS-DA results, VIP calculation is based on estimating the impor-
tance of each spectral marker in the projection used in our PLS-
DA model. The advantage of the use of VIP scores is that spectral
markers with a high contribution to the model are easily identified
for further evaluation. To obtain consistent and representative
results, the spectral markers were split into a training set (70 spec-
tra) and a test set (12 spectra) using leave one out cross validation.
The Leave One-Out cross validation estimates are obtained by aver-
aging N iterations, where N is the size of the given sample. For each
interaction, one of the cases in the sample is left out as a test set
and the workflow is applied to the remaining N-1 cases. This pro-
cess is repeated for all cases, for N instances. All chemometrics
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assessments were conducted using MATLAB (MathWorks, Natick,
MA).

3. Results

Fig. 2 shows average processed FTIR spectra, highlighting the
wavenumber regions that represent the most characteristic FTIR
bands of bone. All comparisons between ionizing doses with con-
trol groups demonstrate a concordance between the band posi-
tions, as indicated in our supplementary material (Fig. S1).

The bone is a biological material that contains both inorganic
and organic constituents. Firstly, as shown in Fig. 2, the main inor-

ganic components in the bone FTIR spectrum are phosphate (900–
1300 cm"1), carbonate (1300–1600 cm"1 and 870 cm"1). Secondly,
related to the organic matrix, the main components were amide I
(1600–1680 cm"1), amide II (1480–1580 cm"1), amide III and col-
lagen (1200–1300 cm"1). Lastly, stretching vibrations related to
the CH, CH2 and CH3 groups are presented in the range 2800–
3000 cm"1 [20,21,31]. Based on these considerations, differences
in the IR spectra were evaluated by the assessment of spectral fea-
tures using PLS-DA.

PLS-DA model using FTIR spectra was built considering the
prominent relations and area results. To enable overall sample sep-
aration, the scores projection has been implemented for the classi-
fication and identification of potential spectral markers, as shown
in Fig. 3.

Fig. 3A depicts not only that PLS-DA scores are capable of distin-
guishing between control group and ionizing doses, but also of dif-
ferentiating high doses from low doses. As shown in Fig. 3B, the
intra-group differences at low doses (0.004 – 0.007 kGy) were
noted. Once the PLS-DA has demonstrated its capability to discrim-
inate low doses, a significant difference was found between the
0.007 kGy dose and the other low doses. In fact, the 0.007 kGy
are more closely associated with high doses than with low doses.

A depiction of the high doses is given in Fig. 3C. There are three
distinct clusters of these ionizing doses. The first region relies on
doses of 1 kGy and 10 kGy, showing noticeable differences in terms
of classification. Whilst the overall classification for a bone dose
response demonstrated high performance metrics, such as the dis-
crimination of low doses from high doses and ionizing doses from
the control group, it may be found that the score projection
decreases the detection rate between 15 kGy and 25 kGy. Further-
more, the radiation doses targeting the doses of 15 kGy and 25 kGy
show strong links among the first and third clustering, which may
suggest a transitional phase in dosimetric responses. Meanwhile, a

Fig. 1. Schematic bone processing.

Table 1
Bands recorded in bone spectra.

Native (cm"1) Assignment Ref

563, 604 PO4
3- v4 [21–23]

870 CO3
2– v2 [21–23]

956 PO4
3- v1 [21–23]

1000 PO4
3- v3 [21–23]

1201 Collagen proteins-amide III [21–24]
1220 PO2

- asymmetric [21–24]
1281 Collagen; Amide III; [21–24]
1317 Collagen; Amide III; [21–23]
1340 CH2 wagging; Collagen; [21–23]
1406 CH3 asymmetric deformation [21–23]
1444 d(CH2), lipids, fatty acids [21–23]
1547 Amide II (dN-H, vC-N) [21–24]
1635 ß-sheet structure of amide I [21–24]
1741 v(C = O) [21–23]
2854 vS CH2 [21–23]
2870 vS CH3 [21–23]
2924 vAS CH2 [21–23]
2958 vAS CH3 [21–23]
3070 Amide B [21–23]
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different tendency occurs in the third cluster at doses of 35–
60 kGy. There may be other remarkable dose–response patterns
that may be contributing to this change in scores projection.

The key objective of using PLS-DA modelling was to identify the
significant spectral features and thereby improve the interpreta-
tion of bone dose response. As shown in Fig. 4, model performance

Table 2
Biological assignment for bone spectra.

Absorbance ratio Spectral markers Ref

604 cm"1 / 553 cm"1 Mineral Maturity [28–30]
1/ FWHM (1000 cm"1) Crystallinity (1/FWHM) [23,29–31]
1635 cm"1 / 1240 cm"1 Secondary Struct. of Proteins [29,31]
1000 cm"1 / 1635 cm"1 Mineral to ECM matrix ratio [29,31]
870 cm"1 / 1635 cm"1 Carbonate Accumulation [29,31]
(553 + 597) / 1635 Mineral to Matrix ratio [29,31]
(870) cm"1 / (553 cm"1 + 597 cm"1 + 1000 cm"1) Carbonate to mineral [29,31]
1635 cm"1 / 1000 cm"1 Amide I to phosphate [29,31]
1547 cm"1 / 1000 cm"1 Amide II to phosphate [29,31]
(1201 cm"1 + 1240 cm"1 + 1281 cm"1) / 1000 cm"1 Amide III + Collagen to phosphate [29,31]
(1547 cm"1 + 1635 cm"1) / 1000 cm"1 Amide I + Amide II to phosphate [29,31]
(1201 cm"1 + 1240 cm"1 + 1281 cm"1 + 1635 cm"1 + 1547 cm"1) / 1000 cm"1 Amides + Collagen to phosphate [29,31]

Fig. 2. Representative FTIR spectra of bone.

Fig. 3. PLS latent variables (LV) scores from selected spectral features with groups labeled by different colors. (A) LV 1 vs. LV 2 discriminative of all groups. (B) LV 1 vs. LV 2 of
low-doses. (C) LV 1 vs. LV 2 of high-doses.
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is evaluated according to sensitivity, specificity, and accuracy. For
the purposes of assessing its predictive ability, these metrics are
supported by the leave-one-out approach.

The Fig. 4 illustrates the stability of the PLS-DA results. As indi-
cated by the red line in Fig. 4, the threshold for beginning the
groups comparison is based on metrics higher than 80%. However,
while the model may be stable, the critical spectral information
remains to be assessed. According to the results of the PLS-DA
model, satisfactory changes in bone response could be distin-
guished by scoring distributions. Despite this, score distributions
do not provide sufficient information regarding the predictive sig-
nificance of spectral features. The variable importance of the pro-
jection (VIP) scores, therefore, was applied to rank PLS-DA
features, whereby the highest ranked features were likely to pro-
vide the most descriptive information for the overall ionizing radi-
ation classification. The evaluation of VIP score is shown in Fig. 5.

The VIP can be used for ranking the spectral features according
to their predictive importance in the PLS-DA model. As shown in
Fig. 5, with the determination of 1.1 as the threshold value, the
spectral features were categorized into two different groups. Those
variables for which the VIP scores are less than 1.1 are considered
to have a non-significant contribution to the PLS-DA model. The
highest contributions (VIP score >1.1) were used to further explain
the relationships under the PLS-DA results.

4. Discussion

FTIR spectroscopy identifies subtle changes in the biochemical
content of bone material. Because of the inherent complexity of
spectra, frequently it becomes challenging to evaluate absorbance
variations from the raw data. To overcome this problem, in the pre-
sent study, pre-processing steps were used for the PLS-DAmodel to
explore the similarities and hidden patterns among ionizing doses.
The chemometrics results obtained through VIP scores, indicate
carbonate accumulation (CA), carbonate to mineral (CM), and min-
eral to matrix (MM) as critical spectral features for bone dose
response [31].

The effects of bone exposure to ionizing radiation are mediated
by two mechanisms: direct and indirect. Firstly, the direct effects
are related to the scission sites in the polypeptide chains [23,34].
Secondly, the indirect effects are based on water molecule radioly-
sis. Free radicals produced by this reaction interact with a wide
variety of biomolecules, causing changes in their structure and
function [35] . Depending on the dose exposure, this process affects
the collagen network of the bone and thereby alters its mechanical
properties [36,37].

Irradiated bones are susceptible to side effects [38] which
directly alter the activity of cells and repopulation. An aspect of
bone recovery in which gluconeogenesis and nucleotide catabo-
lism are downregulated is known as metabolic bone repair.
According to Limirio et al, this adaptive response was correlated
to overexpression in terms of proliferation rate thereby increasing
their susceptibility to harmful effects at higher dose levels. Addi-
tionally, there is an increase in chemical reactions that lead to
the synthesis of amino acids, lipids, proteoglycans, and RNA [38].
In light of this, the motivation behind CA as the strongest VIP score
might be because this feature was related with turnover rate,
remodeling action, and mineral dissolution, necessary for the
reconstruction of new bone tissue [39,40]. According to Kourkome-
lis et al, CA is challenging to evaluate in many FTIR studies due to
CA itself does not fully describe each type of possible carbonate
content[28,29]. Based on these studies, our findings suggest that
CA contributes significantly to changes in the biochemistry of
bones after ionizing radiation.

Another essential factor is that ionizing radiation can lead to
modifications in the mineral and fiber composition of bone. Both
CM (inverse linearly related to elastic modulus) and MM (mineral
per amount of collagen present) are presented as important
parameters for bone dose response. They determine, in conjunction
with CA, the subsequent restoration processes contributing to
resorption and formation of bone neoformation [31,41]. Therefore,
it is possible that the increasing dose of ionizing radiation con-
tributed to the decrease in bone mineral content [42,43] .

At low dose radiation, the microstructure could be altered sig-
nificantly [37,44]. Through multimodal validation study, Mandair
et al report that these low-doses are related to a lower rate of bone

Fig. 4. Performance estimation using Leave One-Out cross validation.

Fig. 5. The VIP score for the PLS-DA analysis. Weighting the predictor variables
determines VIP, which is the statistical contribution of the variable to the overall
PLS model.
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formation. Also, accounting for this tendency to transient differ-
ences in collagen crosslink ratios. In fact, these findings exhibited
increased bone catabolic and decreased anabolic gene expression
[45]. Previous studies investigating the effects of ionizing radiation
have shown loss of mechanical properties in grafts associated with
Col’s fragmentation for 5 kGy [43]. In 2018, Rahman et al reported
no statistically significant difference in elastic modulus between
18.3 and 21.8 kGy while bone elastic properties significantly
decreased following 36.4 kGy [37]. In 2021, Gomes et al observed
significant structural changes in Col/HAp samples after receiving
17.5 kGy [43]. It also has been reported that changes in the elastic
behavior are not observed before 28 kGy, whereas bone strength
decreases by 64 % after 28 kGy [46]. Singh et al report that the ster-
ilization radiation dose of 25 kGy and 35 kGy did not differ in any
significant way, whereas our PLS-DA findings may differ greatly
from these results [47]. In fact, doses higher than 30 kGy are
required to inactivate HIV in frozen tissues [48,49]. Several studies
have shown that ionizing radiation can unfavorably affect the
mechanical properties of allografts as well as its chemical compo-
sition, but the intrinsic mechanisms responsible for these effects
and their consequences in vivo are not fully understood [50].

While these studies may have employed other strategies, our
results demonstrate that the combination of FTIR spectroscopy
with PLS-DA enable the differentiation of the multiple ionizing
doses. Through our analysis, we found an association between
CA, MM, MA and ionizing dose response. It has been shown that
PLS-DA provides accurate boundary classification of the projection
scores between 0.002 and 0.007 kGy. Similar trends were observed
for 1–10 kGy, 15–25 kGy and 35–60 kGy. Furthermore, the transla-
tional utility of our results was enhanced by the consistency in the
PLS-DA scores projections with prior studies of bone-ionizing radi-
ation, which have revealed many important dose response
patterns.

Assessing the state of bone after ionizing radiation is crucial to
highlight radiation dose–dependent changes, which is a critical
factor in health management following mass radiation exposure.
Toward this direction, a rapid and reliable diagnostic method will
be required to reduce the strain on medical resources by identify-
ing the real impact on individuals who have been exposed to radi-
ation [14,15,47,51,52] .

Even though our experimental design was not suitable for the
identification of specific molecules when compared to molecular
tests, our study indicate that FTIR spectroscopy can detect differ-
ences not only between the control group and ionizing radiation
dose but can also discriminate between the high and low radiation
doses. As a result, FTIR spectroscopy technology could promote the
integration of emerging high throughput biodosimetry techniques.
These findings can be regarded as a benchmark for future studies,
in which additional doses can be incorporated to increase the
effectiveness of the model.

5. Conclusion

FTIR spectroscopy technologies provide promising new possi-
bilities in dose response research. In this work, we examine the
biochemical effects of ionizing radiation on bone tissues by using
the FTIR spectral profile in combination with PLS-DA. Based on
these results, FTIR spectroscopy can distinguish the molecular
basis for the effects of ionizing radiation and provide comprehen-
sive, objective, and accurate molecular information for diagnosis
and treatment evaluation.

In this way, the results presented in this paper contribute to
future studies of the dose response to track ionizing radiation
effects on biological systems. The results also offer spectral mark-
ers, with the support of chemometrics validation, aiming to facili-

tate the integration of emerging high throughput biodosimetry
methods.
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Fig. S1. Average spectra corresponding to each bone groups. (A) The average spectra at 

400-1800 cm-1. (B) The average spectra at 2800 – 3100 cm-1. 
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Fig. S2. Two-sample t-test (p< 0.05). Control vs. 0.002 kGy pairwise comparison using 

selected spectral features. The absence of asterisk indicates the no statistical difference. The 

asterisk presence represents the statistical difference (* p≤0.05, ** p≤0.01, *** p≤0.001). 

96



 

Fig. S3. Two-sample t-test (p< 0.05). Control vs. 0.004 kGy pairwise comparison using 

selected spectral features. The absence of asterisk indicates the no statistical difference. The 

asterisk presence represents the statistical difference (* p≤0.05, ** p≤0.01, *** p≤0.001). 
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Fig. S4. Two-sample t-test (p< 0.05). Control vs. 0.007 kGy pairwise comparison using 

selected spectral features. The absence of asterisk indicates the no statistical difference. The 

asterisk presence represents the statistical difference (* p≤0.05, ** p≤0.01, *** p≤0.001). 
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Fig. S5. Two-sample t-test (p< 0.05). Control vs. 1 kGy pairwise comparison using selected 

spectral features. The absence of asterisk indicates the no statistical difference. The asterisk 

presence represents the statistical difference (* p≤0.05, ** p≤0.01, *** p≤0.001). 
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Fig. S6. Two-sample t-test (p< 0.05). Control vs. 10 kGy pairwise comparison using 

selected spectral features. The absence of asterisk indicates the no statistical difference. The 

asterisk presence represents the statistical difference (* p≤0.05, ** p≤0.01, *** p≤0.001). 
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Fig. S7. Two-sample t-test (p< 0.05). Control vs. 15 kGy pairwise comparison using 

selected spectral features. The absence of asterisk indicates the no statistical difference. The 

asterisk presence represents the statistical difference (* p≤0.05, ** p≤0.01, *** p≤0.001). 
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Fig. S8. Two-sample t-test (p< 0.05). Control vs. 25 kGy pairwise comparison using 

selected spectral features. The absence of asterisk indicates the no statistical difference. The 

asterisk presence represents the statistical difference (* p≤0.05, ** p≤0.01, *** p≤0.001). 

102



 

Fig. S9. Two-sample t-test (p< 0.05). Control vs. 35 kGy pairwise comparison using 

selected spectral features. The absence of asterisk indicates the no statistical difference. The 

asterisk presence represents the statistical difference (* p≤0.05, ** p≤0.01, *** p≤0.001). 
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Fig. S10. Two-sample t-test (p< 0.05). Control vs. 50 kGy pairwise comparison using 

selected spectral features. The absence of asterisk indicates the no statistical difference. The 

asterisk presence represents the statistical difference (* p≤0.05, ** p≤0.01, *** p≤0.001). 
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Fig. S11. Two-sample t-test (p< 0.05). Control vs. 60 kGy pairwise comparison using 

selected spectral features. The absence of asterisk indicates the no statistical difference. The 

asterisk presence represents the statistical difference (* p≤0.05, ** p≤0.01, *** p≤0.001). 
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A.5 additional results

a.5 additional results
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Comparison of minimal changes into the chemometric workflow.



A.5 additional results

Figure
3

–
G

1
norm

alized
for

background
rem

oving

Source:A
uthor’s

T
hesis.

107



A.5 additional results

Figure
4

–
G

1
non

norm
alized

for
background

rem
oving

Source:A
uthor’s

T
hesis.

108



Part VI

ANNEX



ANNEX

b.1 ethics committee

110



111



INSTITUTO DE PESQUISAS ENERGÉTICAS E NUCLEARES
Diretoria de Pesquisa, Desenvolvimento e Ensino

Av. Prof. Lineu Prestes, 2242 – Cidade Universitária CEP: 05508-000
Fone/Fax(0XX11) 3133-8908

SÃO PAULO – São Paulo – Brasil
http://www.ipen.br

O IPEN é uma Autarquia vinculada à Secretaria de Desenvolvimento, associada
à Universidade de São Paulo e gerida técnica e administrativamente pela

Comissão Nacional de Energia Nuclear, órgão do
Ministério da Ciência, Tecnologia, Inovações e Comunicações.


