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RESUMO
O objetivo dos estudos reportados nesta dissertação é avaliar o uso da Espectroscopia de
infravermelho em conjunto com técnicas quimiométricas de análise multivariada, como uma
nova ferramenta para detecção e tipagem de arbovírus presentes em amostras clínicas. Nesta
dissertação constam 4 artigos: 1 artigo de revisão e 3 artigos de pesquisa. O artigo de revisão
faz um levantamento das principais técnicas espectroscópicas e técnicas de análise
multivariada utilizadas em estudos no campo da virologia nos últimos 10 anos, bem como as
vantagens destas, frente às técnicas padrão. No primeiro artigo de pesquisa, modelos
multivariados baseados em análise discriminante foram construídos com o objetivo de
discriminar quantitativamente o sorotipo DENV-3 presente em quatro diferentes
concentrações em amostras de soro e sangue. No segundo estudo, técnicas de seleção de
variáveis foram aplicadas com o objetivo de discriminar amostras de soro e sangue infectadas
em laboratório, e ainda, predizer qual o sorotipo é responsável pela infecção. No terceiro
estudo, foi avaliada a capacidade da técnica em discriminar entre 4 grupos de amostras:
dengue (amostras de sangue de pacientes diagnosticados com dengue), Chikungunya
(amostras de sangue de pacientes diagnosticados com Chikungunya), Zika (amostras de
sangue de pacientes diagnosticados com Zika) e saudáveis (amostras de sangue de voluntários
saudáveis). Os algoritmos de análise multivariada utilizados foram Análise de Componentes
Principais-Análise Discriminante Linear (PCA-LDA), Algoritmo de Projeções SucessivasAnálise Discriminante Linear (SPA-LDA) e Algoritmo Genético-Análise Discriminante
Linear (GA-LDA). O desempenho da técnica foi avaliado através de cálculos de
sensibilidade, especificidade, valores preditivos positivos e negativos, índice de Youden e
razão de verossimilhança positiva e negativa. Os resultados foram animadores, e mostraram
que a espectroscopia utilizada em conjunto com técnicas de análise multivariada tem o
potencial de detectar e identificar as variações provocadas pela presença do vírus da dengue
em amostras biológicas, e fornecer resultados rápidos em comparação às técnicas de
diagnóstico utilizadas em rotinas clínicas.
Palavras-chave: Dengue. Zika. Chikungunya. Infravermelho. Análise multivariada.
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ABSTRACT
The objective of the studies reported in this dissertation is to evaluate the use of infrared
spectroscopy in conjunction with chemometric techniques of multivariate analysis, as a new
tool for detection and typing of arboviruses present in clinical samples. In this dissertation
there are 4 articles: 1 review article and 3 research articles. The review article is a survey of
the main techniques spectroscopic and multivariate analysis techniques used in studies in the
field of virology in the last 10 years, as well as the advantages of these techniques against
standard techniques. In the first research article, multivariate models based on discriminant
analysis were constructed with the objective of quantitatively discriminating the DENV-3
serotype present in four different concentrations in serum and blood samples. In the second
study, variable selection techniques were applied with the objective of discriminating infected
serum and blood samples in the laboratory, and also to predict which serotype is responsible
for the infection. In the third study, the ability of the technique to discriminate between 4
groups of samples: dengue (blood samples from patients diagnosed with dengue),
Chikungunya (blood samples from patients diagnosed with Chikungunya), Zika (blood
samples from patients diagnosed with Zika) and healthy (blood samples from healthy
volunteers). The multivariate analysis algorithms used were Principal Component AnalysisLinear Discriminant Analysis (PCA-LDA), Successive Projections Algorithm-Linear
Discriminant Analysis (SPA-LDA) and Genetic Algorithm-Linear Discriminant Analysis
(GA-LDA). The performance of the technique was evaluated through calculations of
sensitivity, specificity, positive and negative predictive values, Youden index and positive and
negative likelihood ratio. The results were encouraging, and showed that the spectroscopy
used in conjunction with multivariate analysis techniques has the potential to detect and
identify the variations caused by the presence of dengue virus in biological samples, and to
provide a fast result in comparison to the diagnostic techniques used in clinical routines.
Key-Words: Dengue. Zika. Chikungunya. Infrared. Multivariate analysis.
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1. INTRODUCTION AND MOTIVATIONS
“Is it possible to use infrared spectroscopy to diagnose viral diseases?” This question
will be answered at the end of this dissertation.
This dissertation brings the theory and practice of chemometric studies performed
using multivariate analysis in the field of virology for the diagnosis of arbovirus. In these
studies, multivariate analysis techniques were applied to mid-infrared spectra obtained from
samples isolated dengue virus and serum and blood of healthy and diagnosed with dengue,
zika or chikungunya volunteers. Here, multivariate classification algorithms in combination
with Mid-Infrared Spectroscopy are presented as a promising new methodology to aid in the
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rapid identification and detection of arbovirus, and may be used in the future in clinical
diagnostic routines.

1.1 Dengue, Zika and Chikungunya
Dengue (DENV) is a virus of the genus flavivirus, family Flaviviridae. Among all
mosquito-borne viral diseases, Dengue is among the most rapidly spread. About 3 billion
people live in areas at risk of contracting dengue, with an estimated 390 million infections and
20,000 deaths each year.[1,2]. Figure 1.1 shows the increase in the number of Dengue cases
over the last years. This increase is related to the arrival of the virus in other continents and
the appearance of new serotypes. The figure 1.1 show the rapid spread of this virus in a short
period of time and make DENV the most important arbovirus in the world [1-5].

Figure 1.1 – Annual average of dengue cases notified: PAHO (The Americas), SEARO
(South-East Asia) and WPRO (Western Pacific). Data from World Health Organization [6].

Although the fifth serotype of the dengue virus (DENV-5) has been recently
discovered [7], four serotypes are predominantly circulating and causing damage to health,
mainly in Southeast Asia, the Pacific and the Americas. Figure 1.2 shows the distribution of
Dengue virus in the continents. Transmissions by DENV-1, DENV-2, DENV-3 and DENV-4
also occur in Africa, the Eastern Mediterranean and are increasingly affecting rural
communities [3].
A dengue virion is a spherical particle about 40-50 nm in diameter. In this virion, E &
M proteins play an important role in binding the virus to cells. The acid environment of the

11

endosome triggers a trimerization of the E protein that results in the fusion of viral and
cellular membranes [8,9]. The viral envelope consists of a lipid bilayer, the nucleocapsid is
composed of proteins, and the viral genome is a positive single stranded RNA, approximately
11 kb in length with a single open reading frame that encodes 3 structural proteins [the
glycoproteins of capsid (C), membrane (M) and envelope (E)] and seven non-structural
proteins (NS1, NS2A, NS2B, NS3, NS4A, NS4B e NS5) [3]. The structural difference
between each serotype is minimal and is mainly found in RNA. This difference causes each
serotype to interact differently with antibodies. Thus, the individual who contracts a particular
serotype, is immune to this for a lifetime, but only for a few months immune to others.
Despite these small structural differences, all serotypes lead to the same clinical
manifestations and can cause more severe forms of dengue as dengue hemorrhagic fever
(DHF) and dengue shock syndrome (DSS) [10].

Figure 1.2 – Average number of suspected or confirmed dengue cases reported to WHO,
2010–2016. Reprinted from reference 11.

The Zika virus (ZIKV) is a mosquitoborne flavivirus (Flaviviridae family), until then,
limited to only a few cases in Africa and Asia, but it spread rapidly in the Americas after its
emergence in Brazil in 2015. Most cases of Zika infections produce the same clinical
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manifestations in the patient; however, the occurrence of Guillain-Barre syndrome in adults
(after the disease) and microcephaly in infants born to infected mothers has been reported.
Surveillance studies suggest that the Zika virus is widespread in Africa, Asia, and Oceania.
Outbreaks have occurred in French Polynesia, Cook Islands, Easter Island, New Caledonia,
and, most recently the Americas, with sporadic exports to Europe. [12] Figure 1.3 shows the
continents where the Zika virus is present.

Figure 1.3 - Main continents with Zika occurrence. Zikv circulates in Americas, Africa, Asia
and Oceania. Reprinted from reference 13.

ZIKV, like other flaviviruses, is a positive-sense single-stranded RNA virus with a
10.794 kb genome. The open reading frame encodes a polyprotein consisting of 3 structural
proteins [Capside (C), precursor of membrane (PrM) and envelope (E)] and seven nonstructural proteins (NS1, NS2A, NS2B, NS3, NS4A, NS4B and NS5). [14] Figure 1.4 shows
a schematic of flavivirus particles such as Dengue and Zika virus.
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Figure 1.4 - Scheme of the flavivirus particles: (a) Immature virion after exposure to neutral
pH (b) Immature virion after exposure to acidic pH (c) Mature virion after secretion of
infected cells. Reprinted from reference 14.

Chikungunya (CHIK) is also an arbovirus transmitted by Aedes mosquitoes. CHIK is
an Alphavirus within the Togaviridae family. It is a spherical shape virus, with approximately
60-70 nm in diameter, enveloped and positive-strand RNA. It has a 12 kb long genome with a
structure including two open reading frames encoding non-structural proteins (nsP1, nsP2,
nsP3, nsP4) and structural proteins (C, E3, E2, 6K, E1). [15]

Figure 1.5 – Scheme of the Chikungunya virus particles. Reprinted from reference 16.

The CHIK virus circulates mainly in Africa, Asia and Americas. Some rare cases are
reported in countries in Europe, but are more associated with travelers (Figure 1.6).
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Figure 1.6 – Countries and territories where chikungunya cases have been reported (as of
April 22, 2016). Reprinted from reference 17.

1.2 Clinical Manifestations
The clinical manifestations presented by patients with any of these three arboviruses
are similar. Patients with Dengue usually have acute fever that can be accompanied by
nausea, vomiting, rash, headache, retroorbital pain, myalgia, arthralgia, petechiae and
leukopenia. Denv can progress to more severe forms such as dengue hemorrhagic fever,
which can lead to death. [1-3,18]
In the case of ZIKV the symptoms may appear simultaneously or progressively. The
average incubation period is 2 to 7 days. Patients diagnosed with Zika, usually have a
maculopapular rash, usually without fever. The rash usually starts on the head and moves to
the trunk, arms and legs. In ZIKV, the joining is usually very intense. In more than half of the
cases, the patients present polyarthralgia. In some cases, clinical manifestations can be
serious. In the city of Recife, Brazil, cases of Guillain-Barré syndrome (GBS) were observed
in patients after infection by Zika. [18,19]
In the case of Chikungunya, after an incubation period lasting 4-7 days, clinical and
osteoarticular manifestations may be observed in the acute phase lasting around 5 to 10 days.
Arthritis and joint inflammations (inflammatory arthralgias are characteristic of the disease).
Eruptions are also observed in most cases. Cases with cardiovascular and neurological
manifestations such as arrhythmia, convulsions and Guillain-Barré syndrome (following the
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acute phase of the infection) have also been reported. Although not as common as in dengue,
hemorrhages can also occur in the form of bleeding gums, positive tourniquet test, rash,
among others. [18,20] Table 1.1 summarizes the main clinical manifestations observed in
patients with Dengue, Zika or Chikungunya.

Table 1.1 – Main clinical manifestations presented by patients with Dengue, Zika or
Chikungunya.
Arbovirus
infection
Dengue

Zika

Chikungunya

Clinical manifestations
Fever; rash (non-characteristic); pruritus;
headache; retro-ocular pain; myalgia;
diarrhea; skin bleeding.
Fever
(infrequent);
rash;
pruritus;
conjunctivitis; headache; polyarthralgia;
polyarthritis;
hepatomegaly;
frequent
vomiting; diarrhea; skin bleeding; mucosal
bleeding.
Fever; rash (non-characteristic); pruritus;
headache;
polyarthralgia;
polyarthritis;
edema in hands and feet; myalgia;

1.3 Diagnosis of Dengue, Zika and Chikungunya
Figure 1.7 - Comparative characteristics of direct and indirect methods. Reprinted from
reference 21.
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The most traditional diagnostic techniques are virus isolation, genome detection,
antigen detection and serological tests. These techniques can be classified into two groups:
direct and indirect methods. Direct methods are those involving virus isolation and genome or
antigen detection, while indirect methods are serological methods involving detection of
antibodies. [21]
Direct methods have greater specificity, but are more expensive, complex, provide
longer results and only centers of virological studies, hospitals and renowned clinics have the
necessary equipment. Indirect methods are cheaper, have a simpler procedure, provide faster
results and can be found in most hospitals and diagnostic clinics, but provide less reliable
results, besides being only qualitative.[18,21] Some diagnostic clinics use platelet counts as
an indication for diagnosis. Thus, patients with a low platelet count are said to be Dengue.
This method is not specific, since patients with Zika and Chikungunya may also have their
platelet count decreased. Platelet counts are good indications for the detection of hemorrhagic
dengue, but it is not a good diagnosis in the discrimination between DENV, ZIKV and
CHIKV. The ideal clinical procedure for diagnosis in case of suspicion of arbovirus infection
is described in figure 1.8.
Figure 1.8 – Ideal clinical procedure in case of suspected Dengue, Zika or Chikungunya
infection. Adapted from reference 18.

The author (2018)
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There is no diagnostic method that is fast, quantitative, and specific at the same time.
Based on the existing limitations in standard techniques for arbovirus diagnosis, it is
necessary to develop a rapid diagnostic tool, with easy procedure, highly sensitive and
specific, able to diagnose early and precisely, to facilitate the clinical management of patients
as well as the development of new interventions. In the studies reported here, we suggest the
use of the ATR-FTIR spectroscopic technique in conjunction with chemometric techniques of
multivariate analysis. Since this technique has characteristics such as providing fast and
reliable results, an easy procedure to perform and does not require the use of reagents, it
should be considered with great potential for use in clinical diagnostic routines. In addition, as
spectroscopic analyzes generate spectra with a large number of variables, the use of
appropriate techniques of multivariate analysis may be of great importance in the sense of
facilitating and assisting the identification of viruses in biological samples. Table 1.2 shows
the advantages and limitations of standard techniques for diagnosis and infrared spectroscopy.

Table 1.2 – Advantages and limitations of standard techniques for diagnosis and infrared
spectroscopy. [15, 19-22].
Technique
Virus isolation

Genome detection

Antigen detection

Immunoglobulin detection

IR Spectroscopy

Advantages
Limitations
Able to diagnose each virus Requires
expertise
in
with specificity.
method;
results
time
consuming, expensive.
Confirms infection, specific, It
requires
expensive
identifies serotypes.
expertise and equipment and
high technical skill required
for the isolation of nucleic
acids. Results take between
24 and 48 hours.
Confirms infection. Easy Cross-reactions with copreparation of the sample. circulating virus antibodies
Cheaper when compared to of the same genus (IgM and
genome and virus detection IgG for DENV and ZIKV,
techniques.
for example).
more
sample.
Confirms infection. Easy Requires
preparation of the sample. Cross-reactivity with cocirculating virus antibodies
Low cost.
of the same genus.
Requires minimum sample High spectral superposition.
preparation and minimum Dependence of chemometric
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sample amount (~ 3 μL). analysis.
Easy
procedure.
Quick
results. High sensitivity to
sample
composition.
Relatively
low
cost
instrumentation.

1.4 IR Spectroscopy
Infrared radiation can be absorbed by biomolecules that have electric dipole moment
due to the vibration movements such as flexion, elongation, balance and scissors existing in
these chemical bonds. These bonds, when exposed to IR radiation, absorb it at wavelengths
correlated to the energy levels of these vibratory motions. In IR spectroscopy we can measure
these absorptions and translate them into spectra with peaks representing the chemical bonds
present. Infrared radiation, which can be divided into three regions in the electromagnetic
spectrum (near-IR, mid-IR and far-IR), has the mid infrared range (4000-400 cmˉ¹) as being
of particular interest for biological applications, since in this range is the so-called fingerprint
region of biomolecules (1800-900 cmˉ¹). In this range, the spectra show absorption peaks
related to a series of biological structures specified in table 1.2. [23, 24]

Table 1.3 - Main biomolecular chemical entities detected by mid-IR spectroscopy. [24]
Chemical assignment

Peak centroid (cmˉ¹)

Lipid: stretching C=C

̴ 1,750

Amide I: stretching C=O

̴ 1,650

Amide II: bending N-H coupled to stretching C-N

̴ 1,550

Amide III: stretching C-N in proteins

̴ 1,260

Stretching C-O of carbohydrate

̴ 1,155

Asymmetric phosphate stretching vibrations; vas PO2ˉ (RNA/DNA)

̴ 1,225

Symmetric phosphate stretching vibrations; vs PO2ˉ (RNA/DNA)

̴ 1,080

Symmetric stretching of phosphorylated proteins

̴ 970
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Spectra in the mid-infrared region can be obtained through an ATR-FTIR. In this
technique, a sample is placed in contact with a crystal normally of diamond, germanium or
zinc (~250μm x 250μm), where is directed an IR beam that will undergo an internal total
reflection generating an evanescent wave that penetrates by a few micrometers beyond the
crystal. The sample in contact with the crystal absorbs this IR and detectably attenuates it,
allowing the obtaining of a spectrum in the mid infrared region with peaks characteristic of
the chemical structures in the sample [25-26]. This spectroscopic technique has already been
used in several biological studies in the identification of bacteria [27, 28], fungi [29], cancer
[30-32], among others.

1.5 Multivariate classification
Since the spectra generated in a spectroscopic analysis have several variables,
chemometric studies involving biospectroscopy commonly use multivariate analysis
techniques [33]. Methods of multivariate analysis, in general, are the statistical methods that
simultaneously analyze multiple variables in each subject investigated [34]. In the studies
reported in this dissertation, the objects investigated are the spectra. The multivariate analysis
techniques used here will be Principal Component Analysis (PCA), Linear Discriminant
Analysis (LDA), Successive Projection Algorithm (SPA) and Genetic Algorithm (GA).
PCA is an unsupervised technique employed in the reduction of data dimensionality.
When using PCA, it will provide a smaller number of uncorrelated artificial variables called
principal components (PC) that are able to explain most of the variance observed in the data.
The new uncorrelated artificial variables are obtained from a linear combination of the
original variables (see figure 1.9) [34]. The main goals of the PCA are: (1) to extract the most
important information from the dataset; (2) reduce the size of the data to only major
components; (3) simplify the description of the data set and (4) analyze the structure of the
observations and the variables [35].
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Figure 1.9 – Representation of dimensionality reduction caused by PCA. Reprinted from
reference 36.

Linear discriminant analysis (LDA) is a supervised technique originally developed
by Ronald Fisher as a way of subdividing a set of taxonomic observations into two groups
based on some measured characteristics. Subsequently, this technique was developed to
analyze more than two classes [34]. LDA maximizes the ratio between the differences
between classes and the differences within each class, thus promoting a maximum separation
between objects of different classes and an approximation between similar objects (of the
same class) [23]. The Mahalanobis distances [37] between a point and the centers of the class
in the variable space of wave numbers are equivalent to the corresponding Euclidean
distances in the transformed space. LDA has its operation enhanced when used in conjunction
with other techniques capable of reducing the dimensionality of the data. For this, we use
principal component analysis (PCA), successive projection algorithm (SPA) and genetic
algorithm (GA).
The successive projection algorithm (SPA) is a method of direct selection of
variables. It starts with a variable and interacts with others until it finds a number of variables
in which its information has the least possible redundancy in order to solve collinearity
problems. In SPA each variable is treated as a vector that has its projection over an orthogonal
subspace. The variable selected in each interaction will be the one with the highest projection
(figure 1.10). [38, 39]
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Figure 1.10 – Representation of the procedure used by SPA-LDA to select variables based on
the reduction of multicollinearity problems. Reprinted from reference 38.

The genetic algorithm (GA), unlike SPA, does not analyze variable by variable. GA
is a technique that mimics the process of natural selection that exists in Darwin's evolutionary
theory. In this algorithm an initial population with n subsets of variables is created randomly.
Initially, values 1 (for variables initially selected) and values 0 (for initially unselected
variables) are assigned. Then, the fitness of each subset is evaluated through a cost function.
Based on this fitness, some subsets will either "survive" or be eliminated from the process in a
step called selection. In a next step, subsets may be crossed or mutated through the genetic
operators called crossover and mutation. This whole process occurs in a generation. After a
number of generations, the subset of variables with higher fitness will be the one with the
selected variables. [40]
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2. OBJECTIVES AND JUSTIFICATIONS
2.1 Objectives


To provide theoretical support on the use of biospectroscopy coupled with
multivariate classification techniques in the field of virology.



Construction of a multivariate model for classification based on DENV-3 viral load.



To apply variable selection algorithms to the spectroscopic data to obtain spectral
biomarkers for identification and discrimination between infected and uninfected
samples with Dengue, and also to predict the serotype responsible for the infection.



To analyze the ability of the technique to discriminate between clinical samples from
patients diagnosed with Dengue, Zika, Chikugunya and healthy people.



To evaluate the use of ATR-FTIR spectroscopy coupled to multivariate classification
methods in the detection and typing of arbovirus (Dengue, Zika and Chikungunya) in
biological samples.

2.2 Justifications
The indirect diagnostic methods for dengue used in clinical routines are qualitative.
Diagnostics that provide quantitative information are more complex, expensive, provide
longer results, and require more specialization. The same goes for the diagnosis of most
viruses. However, the amount of virus circulating in the patient's body is usually associated
with the severity of the disease. Therefore, it is extremely important to be able to predict the
patient's viral load through a simple procedure, and to provide results almost instantaneously.
In the diagnosis of arboviruses, the direct methods are the most sensitive, however,
they are more expensive and the least used in clinical routines. Indirect methods are the
cheapest and most used in clinical diagnosis, however, they are only qualitative and
unspecific. Spectroscopic methods have features that could overcome the disadvantages
presented by standard diagnostic techniques. Fast results, reliable, simple procedure, no
sample manipulation or reagent use required, provides information on the chemical
composition of the sample, are characteristics that make ATR-FTIR spectroscopy a potential
tool in virological studies. In addition, there is no technique capable of discriminating, in a
single analysis, samples infected with DENV, ZIKV and CHIKV. ATR-FTIR spectroscopy
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has never been used in conjunction with PCA-LDA, SPA-LDA and GA-LDA in studies
involving the arbovirus diagnosis.

3. DISSERTATION OUTLINE
This dissertation presents works carried out during the development of the degree of
master in chemistry by Chemistry Postgraduate Program (PPGQ) of the Federal University of
Rio Grande do Norte (UFRN). The works presented here are essential for obtaining the
master's degree. This dissertation was organized as follows:


Chapter 2 – “Spectroscopy with computational analysis in virological studies: A
decade (2006-2016)” (published in Trends in Analytical Chemistry, DOI:
10.1016/j.trac.2017.09.015) - This review provides a theoretical support of the main
spectroscopic techniques and techniques of multivariate analysis used in the virology
field from 2006 to 2016, also making a survey of these studies in this period,
presenting biospectroscopy to the community of virologists.



Chapter 3 – “ATR-FTIR spectroscopy coupled with multivariate analysis techniques
for the identification of DENV-3 in different concentrations in blood and serum: a new
approach” (published in RSC Advances, DOI: 10.1039/c7ra03361c) - This paper
reports and discusses the results of a study where ATR-FTIR spectroscopy was used
in conjunction with the multivariate chemometric techniques PCA-LDA, SPA-LDA
and GA-LDA to determine the viral load of DENV-3 in serum samples and blood.



Chapter 4 – “Biospectroscopy with variable selection algorithms for the diagnosis of
dengue: a powerful strategy” (Manuscript will be submitted) - This paper reports and
discusses the results of a study where ATR-FTIR spectroscopy was used in
conjunction with the multivariate chemometric techniques SPA-LDA and GA-LDA to
discriminate between serum and blood samples infected with dengue and serum and
blood samples without the presence of this virus, and also predict which serotype is
responsible for the infection.



Chapter 5 – “ATR-FTIR spectroscopy with chemometric algorithms of multivariate
classification in the discrimination between Healthy vs. Dengue vs. Chikungunya vs.
Zika clinical samples” (published in Analytical Methods, DOI: 10.1039/c7ay02784b) This paper brings the results of a study where ATR-FTIR spectroscopy was used in
conjunction with PCA-LDA, SPA-LDA and GA-LDA in discriminating between
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clinical blood samples from patients diagnosed with Dengue, Zika, Chikungunya and
blood samples from volunteers healthy.


Chapter 6 – “General Conclusions” - This chapter presents a summary of the main
results found in the studies that compose this dissertation and the perspective on the
use of spectroscopy with multivariate analysis in virology.

4. METHODOLOGICAL PROCEDURE
This study was developed in collaboration between researchers from UFRN of the
research group in Biological Chemistry and Chemometrics of the Institute of Chemistry,
Laboratory of Molecular Biology for Infectious Diseases and Cancer of the Department of
Microbiology and Parasitology, and Laboratory of Virology of the Institute of Tropical
Medicine.

4.1 Cells subculture
VERO E6 cells of African green monkey kidney cultured at 37 °C and 5% CO2 were
used. 25 mL culture bottles (same as those shown in Figure 1.10) were used.

Figure 1.10 – 25 mL culture bottles were used in this study.

The author (2018)

Leibovitz's 15 (L-15) medium from the bottles was discarded and then 5 ml of the PBS
saline solution was added in order to remove the cell fragments (twice, followed by PBS
discard). 1000 μL of trypsin was then added and incubated for 5 minutes at 37 °C. After the 5
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minute incubation it was observed through a microscope if the total displacement of the
monolayer occurred (Figure 1.11). Then 10 ml of 10% L-15 medium was added to the flask
and homogenized, then 5 ml were transferred to a sterile flask.

Figure 1.11 – Cells forming a monolayer and adhered to the culture bottle. Microscopy ten
times increased.

The author (2018)

4.2 Replication of dengue virus
Samples of the DENV-1, -2, -3 and -4 isolates were provided by the Laboratory of
Molecular Biology for Infectious Diseases and Cancer (LADIC / UFRN). Serotype isolates
were inoculated into VERO E6 cells for the purpose of promoting viral replication. 100 μL of
each isolate was used for each 25 ml culture bottle, which was then incubated for 1 hour at 37
° C, being homogenized every 15 minutes to ensure that viral contents would contaminate all
cells in the bottle. Thereafter, a 2% fetal bovine serum solution was added to the medium in
order to provide necessary nutrients for the cells. Finally, it was incubated at 37 ºC for 7 days,
being observed daily. After 7 days incubation period, the viral infection was confirmed via
reverse transcriptase reaction assays followed by polymerase chain reaction (RT-PCR). Upon
confirmation of infection, the supernatant was transferred to a falcon, where it was subjected
to centrifugation for 5 minutes at 1000 revolutions per minute. Finally, 20% FBS was added
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to the isolates and stored at -70 °C. The titers of DENV-1, -2, -3, -4 were determined by
plaque assay. This information is shown in table 1.3.

Table 1.4 – Titration of the isolates of the four dengue serotypes in PFU/ml.
Serotype
Titration
DENV-1

3.3 PFU/ml

DENV-2

5.9 x 10³ PFU/ml

DENV-3

10⁴ PFU/ml

DENV-4

10³ PFU/ml

4.3 RNA extraction and Nested Reverse Transcriptase PCR assay (RT-PCR)
Viral RNA for the RT-PCR assay was extracted using the QIAmp® Qiagen Mini RNA
viral kit (catalog number 52906). The RT-PCR protocol for detection and typing of DENV
was performed as previously described by Lanciotti et al. (1992). [41] For the detection of
Zika and Chikungunya real-time RT-PCR (TaqMan System) was used, according to the
protocol described by Faye et al. (2013)[42] and Lanciotti et al. (2007)[43], respectively.

4.4 Samples preparation
a. DENV-3 dilutions in serum and blood. In this step, for the acquisition of the IR spectra,
healthy human serum and blood samples were collected and infected with DENV-3 in micro
conical bottom tubes, in four dilutions (1x10³, 1x10², 1 and 0.1 PFU/ml for serum; and 1x10³,
1x10², 10 and 0.1 PFU/ml for blood). The data set consists of 40 samples for serum, and 40
samples for blood (10 samples for each dilution).
b. Infected serum and blood samples. In this step, for the acquisition of the IR spectra, healthy
human serum and blood samples were infected with DENV-1, DENV-2, DENV-3 e DENV-4
in concentrations of 0.33 PFU/ml for DENV-1, 5.9 × 10² PFU/ml for DENV-2, 10² PFU/ml
for DENV-3 and 10² PFU/ml for DENV-4. The infection was made in micro tubes with a
conical bottom. Non-infected samples of serum and blood were also used as controls. The
data set consists of 40 infected serum samples plus 10 uninfected serum samples, and 40
infected blood samples plus 10 uninfected blood samples.
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c. Clinical samples of patients diagnosed with Dengue, Zika and Chikungunya. The blood
samples from patients diagnosed with Dengue, Zika and Chikungunya, used in the study
referring to chapter 5 of this dissertation, were made available by health centers in the state of
Rio Grande do Norte.
d. Blood samples from healthy volunteers. Blood samples from 45 healthy humans were
provided by the Unidade de Pronto-Atendimento - UPA Pajucara, Natal - RN.

4.5 ATR-FTIR Spectroscopy
The spectra were acquired through a FTIR with the technical specifications shown in table
1.4. Aluminum foil was used following the methodology and results obtained in the study of
Li Cui et. al. (2016). [44] The spectra were converted to absorbance through BRUKER OPUS
software.

Table 1.5 – Technical specifications of the spectrometer used in spectral acquisitions.
Technical specifications
Spectrometer

BRUKER model FTIR VERTEX 70

Band

400 – 4000 cmˉ¹

Resolution

4 cmˉ¹

Scans numbers

16 scans per spectrum

Acquisition time

13 seconds per spectrum

4.6 Computational analysis
The samples were divided into training set (60%), validation set (20%) and prediction
set (20%) by implementing the classic Kennard-Stone uniform sampling algorithm [45].
a. Software. The software used for import, pretreatment and construction of the chemometric
classification models was MATLAB R2012b (Math-works, Natick, USA).
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b. Pre-processing. A cut between 900 and 1800 cmˉ¹ (235 wavenumbers at 4 cmˉ¹ spectral
resolution), baseline correction (Baseline – Automatic Whittaker Filter) and Savitzky-Golay
smoothing (window 15 points) were used for pre-processing.
c. Methods. The methods used were: Principal Component Analysis-Linear Discriminant
Analysis (PCA-LDA), Successive Projection Algorithm-Linear Discriminant Analysis (SPALDA) and Genetic Algorithm-Linear Discriminant Analysis (GA-LDA).
d. Figures of merit. The techniques were evaluated through their respective values of
Sensitivity (sens), Specificity (spec), Positive Predictive Values (PPV), Negative Predictive
Values (NPV), Youden index (YOU), Positive Likelihood Ratio (LR+) and Negative
Likelihood Ratio (LR-).
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This review presents a retrospective of the studies carried out in the last 10 years (2006e2016) using
spectroscopic methods as a research tool in the ﬁeld of virology. Spectroscopic analyses are sensitive to
variations in the biochemical composition of the sample, are non-destructive, fast and require the least
sample preparation, making spectroscopic techniques tools of great interest in biological studies. Herein
important chemometric algorithms that have been used in virological studies are also evidenced as a
good alternative for analyzing the spectra, discrimination and classiﬁcation of samples. Techniques that
have not yet been used in the ﬁeld of virology are also suggested. This methodology emerges as a new
and promising ﬁeld of research, and may be used in the near future as diagnosis tools for detecting
diseases caused by viruses.
© 2017 Elsevier B.V. All rights reserved.
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1. Introduction
The purpose of this review is to present a great tool to the scientiﬁc community working in the ﬁeld of virology for detecting the
biochemical changes caused by the presence of viruses in biological
samples. Blout and Mellors [1], and Woernley [2] were pioneers in
using spectroscopy with biological perspectives. They investigated
IR spectra of homogenized tissues to ﬁnd disease indicators, but
used a single beam and manually scanned instruments which
resulted in low sensitivity and reproducibility. In addition, the ﬁeld
was abandoned [3] due to a lack of development in interpretation
of observed spectra.
With the advancement of technology and consequently
advanced spectroscopy, the interest of researchers in spectroscopic
techniques in biological studies has grown. This ﬁeld of science is
known as biospectroscopy, and means the use of spectroscopy to
analyze biological samples [4]. Several studies have been conducted
involving identiﬁcation of bacteria [5,6], viruses [7,8], cancer diagnosis [9], and even in the ﬁeld of forensic entomotoxicology [10],

* Corresponding author. Institute of Chemistry, Biological Chemistry and
Chemometrics, UFRN, Natal 59072-970, Brazil.
E-mail address: kassiolima@gmail.com (K.M.G. Lima).
https://doi.org/10.1016/j.trac.2017.09.015
0165-9936/© 2017 Elsevier B.V. All rights reserved.

demonstrating that spectroscopic techniques are capable of
detecting biochemical changes in biological matrices.
Viruses are submicroscopic infectious agents and obligate
intracellular parasites. They are totally dependent on a host cell
because they are not able to generate energy to conduct all biological processes. There is no structural pattern among all existing
viruses, but usually the nucleic acid (RNA for retrovirus, and DNA
for adenovirus) is surrounded by a protein membrane arranged in
either helical or icosahedral symmetry called the capsid (or
nucleocapsid), which in turn may be protected by a lipid bilayer
called the envelope, and which may have encrusted spicules usually formed of glycoproteins [11].
Virus infections can cause various health damage, from a simple
fever to death. Viral haemorrhagic fevers (VHFs) are examples of
acute infections with high death rates caused by different viruses
such as the Marburg virus (MBGV), Ebola virus (EBOV), Lassa virus
(LASV), Junin, Machupo, Sabia, Guanarito viruses, Crimean-Congo
hemorrhagic fever virus (CCHFV), Rift Valley fever virus (RVFV),
Hanta viruses, Yellow fever virus (YFV) and Dengue virus (DENV)
[12]. The two methods most commonly used in clinical diagnoses of
viruses are enzyme-linked immunosorbent assay, with the best
known being the ELISA method and real-time polymerase chain
reaction (PCR). These methods have brought beneﬁts such as high
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levels of repeatability and reproducibility, ease in handling and
robustness. However, they have also some negative points [13].
Table 1 summarizes some advantages and disadvantages of these
methods.
Thus, there is a need for techniques that are as advantageous as
ELISA and PCR techniques, and which have fewer disadvantages.
The potential of spectroscopic techniques in the detection and
identiﬁcation of virus-infected cells has been studied using statistical methods as a sensitive, rapid and reliable methodology. The
ability to discriminate between contaminated and noncontaminated samples in a short time with good sensitivity and
speciﬁcity is pragmatic, suggesting that biospectroscopy is a ﬁeld
that should be more studied in virology [7,8,14].
An expected difﬁculty in the use of biospectroscopy in virology
is related to the fact that humans have a great diversity of virus
circulating in their organism, and each human has a unique
microbiome. With this, obtaining a ﬁngerprint would be more
difﬁcult in view of the speciﬁcity of each organism. The solution to
this problem seems to be the use of a broad and well-trained
database, and a correct evaluation of biomarkers changes obtained by multivariate statistical analysis, differentiating these alterations [15].
The main spectroscopic techniques that have been used in
virological studies are nuclear magnetic resonance (NMR) spectroscopy [16], Raman spectroscopy [7], infrared spectroscopy (IR)
[8] and molecular ﬂuorescence spectroscopy [17]. These techniques
are known to provide rapid responses and reliable data, as well as
having powerful structural elucidation capability.
For example, Shanmukh et al. [18] used surface-enhanced
Raman spectroscopy (SERS) and multivariate statistical analysis
techniques to identify and classify respiratory syncytial virus (RSV).
The multivariate statistical methods used were principal component analysis (PCA) and hierarchical cluster analysis (HCA). The
results showed that SERS combined with these multivariate
methods can be used as a rapid methodology for identiﬁcation and
viral classiﬁcation. In the study by Moor et al. [14] on non-invasive
and label-free determination of virus-infected cells by Raman
spectroscopy, it was also observed that Raman spectroscopy is a
powerful tool for detecting virus-infected cells. In this study, 293
human embryonic kidney cells were infected by an adenovirus and
were successfully detected at 12, 24 and 48 h after infection started.
The PCA algorithm was able to discriminate infected cells from
uninfected cells, providing a rapid, non-invasive and nondestructive method for virus detection.
Such advantages highlight the possibility of identifying and
classifying different types of virus using spectroscopic techniques.
In this paper, studies using biospectroscopy coupled to statistical
methods of classiﬁcation in virological investigations are emphasized. First, we will discuss the most commonly used spectroscopic
techniques, then we will discuss the computational processes used

Table 1
Advantages and disadvantages of ELISA and PCR methods in virus diagnosis.
Method

Advantages

Disadvantages

ELISA

Cost effective; robust; easy to
use; scalable to testing large
numbers of samples; high
levels of repeatability and
reproducibility.
High speciﬁcity and sensitivity;
high levels of repeatability and
reproducibility; ease in
handling; robust.

Requires high quality antisera;
in some situations it is not
suitable for identifying speciﬁc
viral species/strains; and is
destructive to the samples.
Problems with post-PCR
contamination due to high
sensitivity (false positive
problems, except for RT-PCR
and q-PCR); and destructive to
the samples.

PCR
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to extract useful information from the obtained spectra (spectral
preprocessing, multivariate classiﬁcation algorithms, performance
evaluation), and ﬁnally we will discuss some works published in
the period from 2006 to 2016 using spectroscopy and multivariate
analysis in studies involving viruses.
2. Spectroscopic techniques
The main spectroscopic techniques that have been investigated
in virological studies are nuclear magnetic resonance (NMR)
spectroscopy [16], Raman spectroscopy [7], infrared spectroscopy
(IR) [8] and molecular ﬂuorescence spectroscopy [17].
Spectroscopic methods of analysis are based on the ability of
atoms or molecules to interact with electromagnetic radiation. The
electromagnetic spectrum covers a large range of energy, where the
wavelength, frequency and energy are characteristic of each technique. The most widely used spectroscopic techniques in virology
studies are presented hereafter.
2.1. Nuclear magnetic resonance (NMR) spectroscopy
NMR is a spectroscopic technique based on the magnetic
properties of some atoms. The principle behind this technique is
that a speciﬁc isotope has a nuclear spin value and is electrically
charged so that when exposed to an external magnetic ﬁeld,
transitions between fundamental and excited spin states are
possible [19]. In these transitions, energy transfers occur at wavelengths that correspond to radio frequencies, and the spin returns
to the fundamental state, therefore energy of the same frequency is
released [19]. This transfer can be measured, yielding an NMR
spectrum. From the produced spectrum, it is possible to identify
information regarding the chemical structure of the samples being
analyzed.
Many applications of NMR spectroscopy in biological matrices
are in the ﬁeld of metabolomics, which is deﬁned as the quantitative measure of dynamic multiparametric metabolic response of
living systems to pathophysiological stimulus or genetic modiﬁcation [19]. This technique is recognized as a promising tool in the
evaluation of global metabolic changes, and it can be very useful in
the process of clinical diagnosis to distinguish diseases, determine
disease severity, and evaluate therapeutic response, among others.
The rationale for metabolomics is that a disease causes changes in
the concentrations of metabolites in biological ﬂuids or tissues. Key
steps in this approach are patient ﬂuid collection, sample preparation, NMR signal acquisition, data processing, and analysis [19].
Examples for virological studies include the use of NMR spectroscopy in determining of membrane topology of NS2B from
dengue serotype 4 (DENV-4) [16], where very useful results were
obtained for additional functional and structural analysis of NS2B.
Meyer and Peters (2003) [20] in their review on the use of NMR
spectroscopy techniques in screening and identifying ligand binding to protein receptors make a good discussion on the use of the
transferred NOE effect for detecting and characterizing the ligand
binding, the use of chemical-shift changes in identiﬁcation of the
ligand binding and the binding pocket of the receptor, as well as the
use of relaxation times and diffusion to identify ligand binding and
the conditions for NMR spectroscopy screening and binding characterization [20]. Wang et al. (2014) [21] in their study compared
the plasma metabolic proﬁles of patients with Autoimmune Hepatitis (AIH), primary biliary cirrhosis (PBC), PBC/AIH overlap syndrome (OS) and drug-induced liver injury (DILI) with those from
healthy individuals attempting to identify biomarkers for AIH. From
the information obtained by NMR, it was concluded that there are 9
biomarkers with greatest discriminant signiﬁcance: citrate, glutamine, acetone, pyruvate, b-hydroxyisobutyrate, acetoacetate,
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histidine, dimethylamine, and creatinine. Signiﬁcantly higher
amounts of these metabolites were found in patients with AIH
compared to healthy controls or other diseases. The diagnostic
capacity based on these biomarkers was evaluated, where sensitivity, speciﬁcity and accuracy were obtained above 93% in
discriminating the AIH from PBC, DILI and OS [21]. In addition, Galal
et al. (2016) [22] in their study on chronic viral hepatitis C in the
pediatric age group used 1H magnetic resonance spectroscopy
(MRS), where they concluded that 1H MRS is a non-invasive technique that has good potential as a diagnostic tool for evaluating
staging and ﬁbrosis chronic asymptomatic hepatitis C [22].
2.2. Raman spectroscopy
Raman is a non-invasive, high performance spectroscopic
technique capable of obtaining spectra from chemical entities according to its polarizability changes [23]. Using Raman spectroscopy it is possible to detect the presence of a wide range of polar or
non-polar chemical bonds, including cellular changes. In this
technique, the photons from a monochromatic light source interact
with the chemical bonds present in the sample. These photons are
absorbed (increasing the vibrational energy of the molecules), and
then released (causing the vibrational energy of the molecules to
return to their initial state). In this process an inelastic scattering
phenomenon can occur, which is when the molecule does not return to a vibratory state of initial energy; then the released photon
has a frequency deviation, which maintains the equilibrium of the
system. This happens with less than 1% of absorbed photons and
99% are emitted due to elastic scattering. This anomalous scattering
can be measured to give what is known as a Raman signal [24]. The
inelastic scattering is composed of Stokes and anti-Stokes scattering, which occurs in 1 in 10 million absorbed photons; where the
ﬁrst (Stoke scattering) occurs when the molecule absorbs part of
the energy of the incoming wavelength, thereby emitting a wavelength of less energy than the wavelength received; and the antiStokes scattering occurs when the molecule releases a wavelength of greater energy than that absorbed. This happens under
certain circumstances where the molecule is in a partially excited
energy state before absorbing the wavelength received.
Elastic scattering is ﬁltered so that only Raman scattering is
detected and used in the production of a spectrum containing
bands with information corresponding to the wavelengths at which
Raman scattering occurred. An important feature of this technique
is that water has insigniﬁcant Raman scattering, making this
approach more feasible in biological studies.
There are several technologies for many applications that make
use of Raman spectroscopy, including spatially offset Raman spectroscopy (SORS) and surface-enhanced Raman spectroscopy (SERS)
[23,24]. For example, the potential of Raman spectroscopy followed
by statistical methods in detecting and identifying Herpes Simplex
Virus type 1 (HSV-1) infections as a sensitive, rapid and reliable
method has been evaluated by Salman et al. [25]. Differentiation
between a control group and infected cells was observed with
sensitivity close to 100%. The main structural changes were mainly
related to structures of proteins, lipids and nucleic acids
(1195e1726 cm1 range of the Raman spectrum) [25]. Fig. 1 shows
the characteristic bands of biomolecules in a Raman spectrum.
In their paper, Butler et al. (2015) [26] demonstrated the potential of 150 nm gold nanoparticles to generate surface-enhanced
Raman spectroscopy (SERS) signals to analyze biological samples,
noting that high Raman regions co-localize with the presence of
these nanoparticles. Compared with smaller nanoparticles (40 nm),
the larger nanoparticles (150 nm) are more easily detectable.
Moreover, instead of the signal spreading throughout the cell surface, it appears to be highly localized in the regions surrounding

Fig. 1. Peak assignments in the ﬁngerprint region of biochemical species for a Raman
spectrum.
Taken from Kelly et al. [23].

these nanoparticles, giving support to the SERS effect theory.
Another advantage of larger nanoparticles is that although their
aggregates, even individual particles can be optically observed. This
allows areas with abundance of these nanoparticles to be manually
oriented for analysis, making it possible to acquire highly enhanced
spectra more easily [26]. However, in view of the nanoscale
dimension of the viral particle, the use of nanoparticles is inconsistent in the reproducibility of spectral enhancement. As a solution
to this inconsistency, a speciﬁc marker such as made by Fogarty
et al. (2014) [27] can be used, where a two-step protocol with
cationic gold particles followed by silver intensiﬁcation to generate
silver nanoparticles on the cell surface was used with SERS of
endothelial cell membrane, facilitating the collection of enhanced
spectra. This methodology generates a 100-fold increase of the
SERS spectral signal [27]. Thus, one way of indirectly identifying the
presence of a speciﬁc virus would be to detect the presence of
antibodies induced by the virus tagged with nanoparticles through
SERS signals.
Raman spectroscopy has already been used in virological studies
as a structural characterization of 50 untranslated RNA from hepatitis C virus [28], investigation of a single tobacco mosaic virus [29],
study of chicken embryo cells infected with ALVAC virus [30],
characterization of different virus strains [31] and identiﬁcation of
new emerging inﬂuenza viruses [32]. All these studies proved that
Raman spectroscopy is a powerful technique in virus studies, as
well as being non-destructive, fast and having a simple procedure.
2.3. Infrared (IR) spectroscopy
Chemical bonds have vibratory motions like bending, stretching,
rocking or scissoring that allow the molecules to absorb infrared
radiation related to its speciﬁc vibrational energy levels. This absorption is only active if the molecular bonds have an electric dipole
moment changeable by atomic displacement due to its vibrations
[33]. Spectral acquisition is made using a Fourier transform (FT)
ﬁlter to change the time domain to frequency, thus generating the
term FT-IR.
The infrared region can be subdivided into near-IR, far-IR
and mid-IR. Among these regions, the mid-IR region
ð~v ¼ 400e4000 cm1 Þ is of particular interest in biological studies
because in this range there is the ﬁngerprint region of biological
samples ð~v ¼ 900e1800 cm1 Þ, also called the “bioﬁngerprint” region; that is, the region where there are spectral bands related to
biomolecules such as lipids (~1750 cm1), carbohydrates
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(~1155 cm1), proteins (Amide I, ~1650 cm1, Amide II, ~1550 cm1,
Amide III, ~1260 cm1), and DNA/RNA (~1225 cm1, 1080 cm1),
among others [23,33,34]. Table 2 shows these principal absorptions
and Fig. 2 shows a mid-IR spectrum at the ﬁngerprint region with
the bands corresponding to the main biomarker fragments [23,35].
Although mid-IR (MIR) spectroscopy is more widely used in
studies with biological samples, near-IR (NIR, 700e2500 nm)
spectroscopy is also commonly used. NIR spectroscopy is a technique based on the overtones of the fundamental vibrational
modes observed in the mid-IR region, and it provides fast data
acquisition combined with no reagent requirements and minimum
sample preparation. These characteristics make NIR spectroscopy a
reliable and non-invasive approach with potential for rapid diagnosis of viral diseases and infections. When working with NIR
spectroscopy in the investigation of biological samples, the most
useful region is between 650 and 1000 nm (called the “optical
window”), because there is great absorption of hemoglobin and
water below 650 nm and above 1000 nm, respectively, hindering
other signals in these regions. Therefore, in the clinical diagnostic
perspective the use of the 650e1000 nm region is more suitable for
virological studies to analyze biochemical alterations [36].
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Fig. 2. Peak assignments in the ﬁngerprint region of biochemical species for an
infrared spectrum.
Taken from Kelly et al. [23].

2.4. Molecular ﬂuorescence spectroscopy
Although molecular ﬂuorescence spectroscopy has been little
used in studies in the ﬁeld of virology, it is also an interesting
approach with great potential in this perspective. This technique
analyzes the ﬂuorescence capacity of a sample [17], where a beam
of high energy light (usually in the ultraviolet region) is irradiated
on the sample to be excited into a higher electronic energy level;
then the ﬂuorophore molecule will rapidly lose energy to this
environment through non-radiative modes (called internal conversion) and will return to the lowest vibrational level of the lowest
electronic excited state. The molecule persists at this vibronic level
for a period of time known as the ﬂuorescence lifetime, and then
returns to the fundamental electronic state by emitting a photon
with energy lower than the irradiated one [37]. The excitation and
emission spectrum are recorded by the instrument and is generally
used to build excitation-emission (EEM) ﬂuorescence matrices.
Another commonly-employed form of ﬂuorescence technique is
ﬂuorescence correlation spectroscopy (FCS), which is used for
temporal and spatial analysis of molecular interactions of biomolecules present in solution at extremely low concentrations. This
technique is based on the principle that a ﬂuorophore molecule has
a speciﬁc free diffusion rate that is directly related to its size. This
basic principle, for example, can be used to study protein interactions. As with other spectroscopic techniques, molecular
ﬂuorescence spectroscopy provides rapid results with high sensitivity and speciﬁcity, and is non-destructive, making this technique
a tool of interest in the ﬁeld of virology [17].
Table 2
Tentative assignment of principal absorptions at bioﬁngerprint region
(900e1800 cm1) [23,35].
Band

Assignment

970 cm1
1030 cm1
1080 cm1

ns ðRePO2
4 Þ of phosphorylated proteins

1155
1225
1260
1550
1650
1750

cm1
cm1
cm1
cm1
cm1
cm1

Glycogen
ns ðPO
2 Þ of phosphodiester groups of
nucleic acids
n(CeO) of carbohydrates
nas ðPO
2 Þ in RNA and DNA
Amide III: n(CeN) in proteins
Amide II: d(NeH) coupled to n(CeN)
Amide I: n(C]O)
n(C]C) of lipids

ns ¼ symmetric stretching; nas ¼ asymmetric stretching; d ¼ bending.

Table 3 summarizes the main advantages and disadvantages of
NMR, Raman, IR and molecular ﬂuorescence spectroscopy to
analyze biological materials.
3. Computational analysis
When spectroscopically interrogating biological samples,
spectra with a lot of information are generated. To facilitate the
spectral analysis, it is generally necessary to use computational
tools which facilitate the information analysis and extraction. For
this, pre-processing and multivariate analysis techniques are
employed.
3.1. Preprocessing
The spectrum obtained in spectroscopic analysis is composed of
the analyte information plus noise. The noise can be caused by
chemical interference, which can cause band superposition by additive effects; and by physical interference, which can cause baseline deviations due to light scattering. In addition, random noise
from environmental effects is always present in the spectra of real
samples.
To correct this and improve the signal-to-noise ratio of the
spectrum, pre-processing techniques are commonly employed
before data analysis. To understand the functions of some
commonly used pre-processes, a few examples are shown
hereafter.
3.1.1. Spectral cut
Many times only a region of interest of the spectrum being
analyzed is utilized to build a chemometric model. This occurs
when there is notable interference in other parts of the spectrum,
such as water or solvent absorptions, or when there is irrelevant
information for the analysis being performed. Depending on the
spectroscopic technique used the biological ﬁngerprinting will be
different. For example, in biological samples being analyzed with
FTIR spectroscopy the region of interest (referent to the bioﬁngerprint region) is between 1800 and 900 cm1 due to the
fundamental absorption of fragments of key biochemical molecules
[34]. On the other hand, for Raman spectroscopy the selected region is between 2000 and 500 cm1 [23].
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Table 3
Some advantages and disadvantages of spectroscopy techniques.
Spectroscopy
technique

Advantages

Disadvantages

NMR

Limit of detection normally
micromolar; high
reproducibility; easy
identiﬁcation of the metabolite
using 1D or 2D spectra and
database; more than 200
known identiﬁable
metabolites; easy sample
preparation; non-destructive
method; requires small amount
of sample; low cost of sample
analysis; quick results [19].
High molecular speciﬁcity;
ability to derivate label-free and
non-destructive spectral
information; minimal sample
preparation; high penetration
depth [38].

Only detects metabolite
if there are speciﬁc
isotopes in the molecule;
expensive
instrumentation.

Raman

Mid-infrared
(MIR)

Near-infrared
(NIR)

Molecular
ﬂuorescence

High signal-to-noise ratio;
reduced scattering; high spatial
resolution; analysis of large
target area; nondestructive
data acquisition; minimum
sample preparation; relatively
low-cost instrumentation;
automated stages of analysis
[33].
Fast analysis; low-cost
instrumentation; minimum
sample preparation; portable
instruments are highly
available; small amount of
sample is require; high
resolution; non-destructive
analysis; high reproducibility
[39,40].
High sensitivity and speciﬁcity;
relatively low-cost
instrumentation; small
concentration of sample is
required; high signal-to-noise
ratio.

concentration of the sample, making the normalized spectra
become comparable to each other [23]. Among the possible normalizations, there is the min-max normalization, which can be
applied when there is a known peak that is stable and consistent
between the specimens [23]; or scaling methods to equalize the
importance of each variable in multivariate data [46]. In biological
samples, the amide I (~1650 cm1) or amide II (~1550 cm1) peak
normalization [33,34] are typically used; or vector normalization,
where each spectrum is divided by its Euclidean norm (appropriate
normalization after using differentiation as pre-processing) [33,34].
Fig. 3 shows the visual effect after using these pre-processing
techniques on a set of FTIR spectra.
3.2. Multivariate analysis

Low sensitivity caused
by the low-probability of
Raman scattering event;
ﬂuorescence
interference; local
thermal decomposition
of the sample, in
particular when using
ultraviolet or visible
wavelengths lasers [38].
Pressure over the sample
when using ATR module
can be destructive; air
interfering, in particular
CO2; sample thickness
issues [33].

Low signal-to-noise
ratio; many spectral
superposition;
dependence on
reference methods and
chemometric analysis
[39,40].

Sample preparation is
relatively complex; large
time of analysis; signal
saturation is often
observed; presence of
Rayleigh scattering.

3.1.2. Baseline correction
Baseline deviation frequently occurs in ﬁrst-order spectra. For
each sample there are wavenumbers which are not absorbed;
where their absorbance must have zero value. However, this is
often not observed. Spectra are generally raised to values above
zero due to a phenomenon called Mie scattering [23,41]. This
phenomenon occurs when some biochemical structures through
which IR radiation passes have a size comparable to or greater than
the wavelength of IR light, causing light scattering [25]. In solid
materials, the baseline is also affected by non-homogenous particle
sizes, which likewise cause light scattering. In addition, the baseline
slope is affected by reﬂection, temperature, concentration or
anomalies of the instrument used. These effects can be minimized
through a variety of baseline correction techniques, such as multiplicative scatter correction (MSC) [42], standard normal variate
(SNV) [42], and derivative [43], among others [33,44,45].
3.1.3. Normalization
Spectral normalization techniques are used when it is necessary
to remove spectral changes responsible for the thickness or

Multivariate analysis techniques are employed to analyze
multivariate data, meaning data having two or more variables per
object [46]. Examples are ﬁrst-order data (such as FTIR, NIR, Raman
spectrum) and second-order data (such as EEM ﬂuorescence). Some
multivariate classiﬁcation algorithms that are widely used in biospectroscopy studies are discussed below, as well as some biospectroscopy studies in which these techniques were used.
3.2.1. Principal component analysis (PCA)
PCA is an unsupervised multivariate analysis technique widely
used in biological studies. This technique is used to reduce the
dimensionality of the sample's data and generate a new visualization. Dimensionality reduction occurs through a linear transformation of the original variables, generating orthogonal variables
called principal components (PC). The ﬁrst main component has a
greater ability to explain the observed variance in the data than the
second PC, which in turn has a greater explanation of the data than
the third PC, and so on. In this way, it is possible to choose the
smallest number of principal components with the largest
explained variance, so that the dimensionality can be reduced with
the certainty that important information of the samples is not lost
[23]. Generally, few PC's (10e20) provide more than 99% of the
observed variance of the original data [47]. Each PC is composed by
a score (projections of the samples on the PC direction) and a
loading (angle cosines of the variables projected on the PC direction) [48,49]. PCA allows visualization of the data set in reduced
size where segregation between classes can be revealed (Fig. 4)
[47].
When the biological samples are divided into classes (e.g.,
category of samples or patients identity), PCA can be applied to
identify spectra clusters and the main contributory information for
this distribution [49,50]. Cluster vector approaches have been
proposed in combination with PCA to analyze this type of samples
[50]. For this, a median score is calculated for each of the 3 PCs that
represent the best samples' clustering in a tridimensional space;
thereafter, the three loadings vectors for these PCs weighted by the
median scores are summed. As a result, a new loading vector is
generated as an effective loadings plot that represents the cluster.
However, PCA has some disadvantages, such as the risk for
artiﬁcial discrimination depending on the number of PCs selected
during model construction, wherein selecting an optimum number
of PCs is a critical and difﬁcult process; and the ambiguity to obtain
an optimum grouping into a speciﬁc cluster, since many PCs combinations may reveal different clustering [50].
Saade et al. (2008) [7] used PCA in their study on spectral differentiation between healthy and contaminated samples with
hepatitis C in vitro based on human serum. In this study, twentynine samples were examined by near-infrared Raman spectroscopy, being 17 healthy and 12 contaminated; and PCA was used in
extracting the main spectral characteristics for classiﬁcation.
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Fig. 3. Visual effect of different pre-processing on a set of FTIR spectra.
Taken from Baker et al. [33].

Fig. 4. Example of PCA score plot for different types of endometrial tissues. The classes
for this example are: benign (black squares); carcinoma type I (blue circles); carcinoma
type II (green triangles); and type II/mixed carcinoma (red diamonds).
Taken from Martin et al. [47].

combined with Raman spectroscopy. In this study, Raman spectra
of A/Long, B1, A2 strains and the recombinant A2 G gene deletion
mutant (DG) strain of the respiratory syncytial virus (RSV) were
recorded. Based on the intrinsic spectra for each sample, the 3 virus
strains were detected and identiﬁed. Chemometric results showed
that PCA was able to segregate the 3 virus strains (A/Long, B1and
A2), as can be seen in the scores plot of PC1 versus PC2 (Fig. 5),
demonstrating the potential of this technique [18].
Fan et al. (2010) [51] used Raman spectroscopy to detect and
discriminate 7 food and water viruses (including norovirus,
adenovirus, parvovirus, rotavirus, coronavirus, paramyxovirus and
herpes virus). PCA was conducted based on the Raman spectra of 4
non-enveloped virus samples (including norovirus strain e MNV4,
simian rotavirus strain e SA11, adenovirus strain e MAD and
parvovirus strain e MVM). As can be observed in Fig. 6, the twodimensional plot of the scores on the two ﬁrst PCs (PC1 versus

Table 4 summarizes the obtained results. As can be seen, a total of
15 out of 17 healthy samples were classiﬁed as healthy (88% speciﬁcity), and a total of 11 out of 12 contaminated samples were
classiﬁed as actually being contaminated with hepatitis C (92%
sensitivity) [7].
Shanmukh et al. (2008) [18] in their study to identify and classify respiratory syncytial virus (RSV) also used PCA technique
Table 4
Sensitivity and speciﬁcity results obtained by PCA for the diagnosis of hepatitis C
based on Raman spectroscopy: HS e health serum; CS e hepatitis C serum.
Traditional
diagnosis
Healthy
Hepatitis C

PCA analysis
HS

CS

Total

Sensitivity (%)

Speciﬁcity (%)

15
1

2
11

17
12

e
92

88
e

Obtained from Saade et al. [7].

Fig. 5. PCA scores on PC1 versus PC2 calculated from the Raman spectra for  RSV
strains A/Long, B1, A2, and the A2 strain-related G gene mutant virus (DG).
Taken from Shanmukh et al. [18].
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Fig. 6. PCA scores based on Raman spectra, using only the spectral range of
200e1800 cm1, acquired from 4 undeveloped virus strains: MAD, MNV4, SA11 and
MVM.
Taken from Fan et al. [51].

PC2) showed good class segregation ability; although some SA11
and MNV4 samples were partially overlapping. Similar results were
obtained for enveloped virus samples [51].
Sakudo et al. (2012) [8] analyzed near-infrared spectra using
molecular clones of various HIV-1 subtypes. The spectra obtained
were subjected to PCA to extract information and exploratory
analysis, where it was observed that the presence of HIV-1 in the
medium altered wavelength absorption at around 950 and
1030 nm, suggesting that HIV-1 changes the vibrations of OH in
water [8]. In addition, absorption variations related to different
subtypes have been observed, suggesting that different subtypes
directly interact with the medium [8]. Still in 2012, Sakudo et al.
[52] performed a study with the objective of discriminating nasal
ﬂuid samples from patients infected with inﬂuenza virus through
Vis-NIR spectroscopy. Samples from 33 healthy and 34 inﬂuenza
patients were used. The results of the PCA scores (Fig. 7) using the
two-dimensional plot of the scores on PC1 versus PC2 shown good
segregation between the two classes [52].
Moor et al. (2013) [53] analyzed control (uninfected) cell samples, cells after 24 h of adenovirus infection, and cells after 7 days of
adenovirus infection by Raman spectroscopy. When submitted to
PCA, the Raman spectra of the three-class samples showed results
suggesting that the infection induces rapid (24 h) production of a
speciﬁc protein in the cells, which can differentiate infected samples from uninfected ones [53]. In 2014, Moor et al. [14] continued
their work on the power of Raman spectroscopy as a tool for

Fig. 7. Result of PCA scores employed in the differentiation of patients with
and Non-Inﬂuenza.
Taken from Sakudo et al. [52].

Inﬂuenza

detecting virus-infected cells, and developed a study where they
successfully detected embryonic kidney cells of 293 adenovirusinfected humans at 12, 24 and 48 h after infection onset. The PCA
score plot was effective in discriminating the spectra and segregating the uninfected cell classes of the infected cells after 12 h
(Fig. 8a), 24 h (Fig. 8b) and 48 h (Fig. 8c) [14].
Wood et al. (2014) [54] performed a study of the diagnosis of
malaria-infected cells based on synchrotron Fourier transform
infrared (FTIR) imaging. The images were extracted and preprocessed by second derivative and normalization. The application
of PCA to spectral data showed the potential of the technique to
identify and discriminate uncontaminated from contaminated
samples [54]. Salman et al. (2014) [25] evaluated the potential of
Raman spectroscopy as a sensitive, reliable and rapid method for
detecting and identifying viral infection by Herpes simplex virus
type 1 (HSV-1) in cell culture. The spectral data were submitted to
PCA, where a good segregation tendency was observed between
the infected and non-infected classes (Vero-HSV-1), mainly when
the region of 600e1726 cm1 (Fig. 9a) and 1195e1726 cm1
(Fig. 9b) are analyzed [25].
3.2.2. Cluster analysis (CA)
Cluster analysis (CA) techniques are unsupervised methods of
pattern recognition that aim to group the spectra into groups when

Fig. 8. PCA scores for B control cells and : cells with virus: (a) after 12 h of
infection; (b) after 24 h of infection; (c) after 24 h of infection.
Taken from Moor et al. [14].
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Table 5
Classiﬁcation of 4 RSV virus strains based on hierarchical cluster analysis (HCA).
Viral strain

Correctly
classiﬁed

Falsely
classiﬁed

Also
classiﬁed as

Sensitivitya

Speciﬁcityb

RSV
RSV
RSV
RSV

17
17
15
12

0
0
2
7

e
e
A2(2)
DG(3), B1(4)

1.0
1.0
0.88
0.63

1.0
0.92
0.94
0.96

A/Long
B1
DG
A2

a

Probability of assigning a class as positive when it really is positive.
Probability of assigning a class as negative when it really is negative.
Obtained from Shanmukh et al. [18].
b

Fig. 9. Scores on PC1 versus PC2 for Vero-control and - Vero-HSV-1 cells, measured
from spectra in the region of: (a) 600e1726 cm1 (entire range); (b) 1195e1726 cm1
(high range).
Taken from Salman et al. [25].

there is no information about the classes [23]. These techniques are
exploratory, therefore they group the samples based on their similarity between spectra. CA techniques include k-means clustering
(KMC), fuzzy c-means cluster analysis (FCA) and hierarchical cluster
analysis (HCA) [34,55]. HCA (using Ward method [56]) is considered the most capable of correlating spectral data with histopathology, but is more time-consuming [34]. Another difference
between these techniques is that HCA does not require making
assumptions about the number of data classes, whereas KMC and
FCA require this information. HCA starts with separate clusters, and
merges the clusters that have the closest distance from each other
(usually based on Euclidian distance) in each step, so there is a
reduced number of clusters in each step until only one remains
[34,55].
In the study by Shanmukh et al. (2008) [18], HCA was used to
identify and classify respiratory syncytial virus (RSV) based on
Raman spectroscopy. The results showed that HCA was able to
easily distinguish an A2 strain-related G gene mutant virus (DG)
from an A2 strain. HCA showed good classiﬁcation results for the
four strain classes [A/Long, B1, A2 and the DG] of the respiratory
syncytial virus (RSV), as can be seen in Table 5 [18].
3.2.3. Partial least squares (PLS)
PLS is a multivariate calibration technique that ﬁnds factors
(latent variables, LVs) in the spectra set that explain the maximum
variance in the reference variables set, using the simultaneous

decomposition of the two [46]. For this, PLS ﬁnds a set of new
maximally correlated variables orthogonal to each other, similar to
PCA. However, it makes use of the respective object labels for this
decomposition, thus being a supervised technique [23]. For
discriminatory purpose, partial least squares discriminant analysis
(PLS-DA) is employed. PLS-DA is a linear classiﬁcation technique for
which the classiﬁcation criterion is obtained by PLS analysis [46].
Therefore, it makes use of PLS to ﬁnd a straight line that divides the
data space into two-regions, where each region is related to the
space of each class [57].
Lee-Montiel et al. (2011) [58] used ATR-FTIR spectroscopy and
cell culture for detecting and quantifying poliovirus infection in
buffalo green monkey kidney (BGMK) cells. The cells were infected
with different virus concentrations, and after 1e12 h of postinfection (h.p.i), PLS was used to analyze spectra from different
infection trites. The results of this study showed that the detection
and quantiﬁcation of poliovirus through ATR-FTIR spectroscopy,
PLS and cell culture is a methodology that could be adapted for use
in areas such as water safety monitoring and clinical diagnosis [58].
Petisco et al. (2011) [59] also implemented PLS in the ﬁeld of
virology. They developed a rapid method based on near infrared
spectroscopy to detect viral RNA present in Epichlo€
e festucae strains
isolated from Festuca rubra plants. Forty two samples were used as
the data set, where a correct classiﬁcation of 75% of the uninfected
isolates and 86% of the infected isolates were obtained using PLSDA, demonstrating that this technique is also promising for
detecting viral infections in fungus samples, being a faster and a
more cost-saving alternative than the conventional analyzes of
reference [59]. Wang et al. (2014) [21] used NMR spectroscopy in
conjunction with multivariate analysis algorithms such as PLS to
characterize the metabolic proﬁle of Autoimmune Hepatitis (AIH)
and to identify biomarkers with diagnostic potential for AIH. The
results were encouraging and also demonstrate the potential of the
technique [21].
3.2.4. Linear discriminant analysis (LDA)
Linear discriminant analysis (LDA) is a supervised technique
widely used for class discrimination. It maximizes the betweenclass variance over the within-class variance [23] in order to
create a linear decision boundary between them [60]. Additionally,
linear discriminant analysis has its operation enhanced when
associated with other dimensionality reduction algorithms. For
example, LDA is often combined with PCA or PLS in many virology
studies [21,25,58,59,61]. An illustrative result obtained when performing LDA is the scores shown in Fig. 10. It is possible to do some
interpretations on the studied data, such as the number of classes
(groups), which class has the lowest intra-class variance, and which
class has the largest intra-class variance [22].
Examples using PCA-LDA and stepwise-LDA have been also
demonstrated for cluster vector analysis [50]. This can solve the
ambiguity problems generated by PCA providing a more reliable
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Fig. 10. Example of some interpretations that can be taken from the scores produced
by LDA.
Taken from Kelly et al. [23].

class differentiation. For PCA-LDA the cluster vector is obtained by
calculating the mean cluster scores matrix and the loading matrix
for each cluster, and then the cluster loading matrix is obtained by
summing the loadings weighted by the mean cluster scores [50].
On the other hand, for stepwise-LDA the cluster vector is obtained
by ﬁrstly selecting a single prominent spectral peak and then LDA
is applied to this wavenumber across all data, generating a
Gaussian posterior density ﬁtted to each group. Thereafter, one
data point is left out and the Gaussian is used to estimate the
predicted posterior class probability for that spectrum across all
class categories (at that one speciﬁc wavenumber). This is reaped
for all spectra and after for all wavenumbers. At the end, the
predicted class probability for each data point is compared with
the known true class value (e.g., 0 or 1); and these absolute deviations for each wavenumber are summed to give a sum of absolute posterior misclassiﬁcation, where a plot of this error against
wavenumber are then analogous to peaks on a PCA loadings plot,
in which they indicate wavenumbers that best distinguish one
particular class from the rest [50].
There are other algorithms that have shown excellent results in
several biological studies, but have not yet been used in virological
studies [5,6,9,10,62]. At this point, we would like to suggest two
algorithms that can be used as variable selection techniques in
problems of identiﬁcation, classiﬁcation and diagnostics for viruses,
but which have not been used in this perspective; they are the
successive projections algorithm (SPA) and genetic algorithm (GA),
which are discussed below.
3.2.5. Successive projections algorithm (SPA)
SPA is a progressive variable selection technique. This means
that it starts with a variable (wavelength or wavenumber, for
example) and adds new variables in each interaction until an
optimal number is selected. This technique uses multicollinearity
minimization as a criterion for variable selection. For this, each
variable representing a vector during SPA has a projection in an
orthogonal subspace. The variables with the largest projections
(minimum multicollinearity) are selected (as shown in Fig. 11),
where the result of the interaction is the selected vector x1 [63e65].
3.2.6. Genetic algorithm (GA)
The genetic algorithm is a technique that mimics Darwin's
theory of evolution, where evolution occurs by natural selection in
which the more adapted organisms have a greater chance of survival. In the case of GA, the variable selection process begins with a
randomly formed population of variables. This initial population
consists of subsets of variables called chromosomes, where each
variable is assigned a value of 0 or 1, with variables of 0 being the
ones initially not selected by the model, and 1 being those initially
selected to participate in the model. Each chromosome is assigned
an aptitude through a mathematical function called ﬁtness

Fig. 11. Visual illustration of the projections involved in SPA. The variables in this
technique are seen as vectors (x) with their orthogonal projections (Px), and then
selected to eliminate multicollinearity problems. In this example, the interaction
resulted in selecting the variable related to vector x1.
Taken from Araújo et al. [64].

function, where chromosomes with the highest ﬁtness value are
copied and the chromosomes with the lowest ﬁtness value are
eliminated in a step called the selection step. After the selection
step, genetic operators are probabilistically applied. The mutation
operator makes a variable that is selected to be unselected or viceversa, and the crossover operator crosses the chromosomes. This
process is involved in a generation, and can be repeated for as many
generations as are requested. In the end, the population with the
better variables is selected based on a cost function [66] (see
Fig. 12).
As mentioned earlier, LDA has its operation enhanced when
used in conjunction with other techniques that reduce the size of
the data. Therefore, a good alternative to using SPA and GA is to join
them with LDA (SPA-LDA and GA-LDA). In this, SPA and GA will
reduce the data to a smaller number of selected variables, and the
LDA only based on these more discriminant variables will work on
maximizing the differences between the classes.
4. Performance evaluation techniques
In most of the studies presented in this review, the authors
evaluated their technique based mainly on sensitivity and speciﬁcity. However, other quality measures may be used in order to
assess whether the technique is effective or not. Here we present
seven ﬁgures of merit that can be used in the evaluation stage of the
classiﬁcation technique aiming for its validation. They are the
sensitivity, speciﬁcity, positive predictive values, negative predictive values, Youden's index, positive likelihood ratio and negative
likelihood ratio.
Sensitivity (SENS) can be deﬁned as the conﬁdence that a positive result for a sample of the labeled class is obtained; speciﬁcity
(SPEC) is the conﬁdence that a negative result for a sample of nonlabeled classes is obtained; positive predictive value (PPV) measures the proportion of positives that are correctly assigned;
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Fig. 12. Operational scheme of the genetic algorithm (GA). In this scheme an initial population with 3 chromosomes is shown. A ﬁtness value is assigned for each chromosome
through the ﬁtness function (F). Note that the chromosome with less ﬁtness is discarded in the selection stage, while the larger one is doubly copied and the second largest ﬁtness
receives a copy. It is observed that the chromosome is mutated through the mutation operator in the second moment, and the other two chromosomes are crossed through the
crossover operator. This process is repeated for a deﬁned number of generations.

negative predictive value (NPV) measures the proportion of negatives that are correctly assigned; Youden's index (YOU) evaluates
the classiﬁer's ability to avoid failure; positive likelihood ratio
(LRþ) represents the ratio between the probability of predicting a
sample as positive when it truly is positive and the probability of
predicting a sample as positive when it is actually not positive; and
the negative likelihood ratio (LR) represents the ratio between the
probability of predicting a sample as negative when it is actually
positive and the probability of predicting a sample as negative
when it is truly negative [67]. The mathematical formulas for each
of these ﬁgures of merit are shown as follows [67]:

SENS ð%Þ ¼

TP
 100
TP þ FN

(1)

SPEC ð%Þ ¼

PPV ¼

NPV ¼

TN
 100
TN þ FP

TP
 100
TP þ FP
TN
 100
TN þ FN

YOU ¼ SENS  ð1  SPECÞ
LR ð þ Þ ¼

SENS
1  SPEC

(2)

(3)

(4)
(5)
(6)

Table 6
Categories of testing performed in diagnostic and research virology.
Category of testing

Speciﬁc viruses

Methodology

Respiratory viruses

Inﬂuenza A and B, RSV, PIV 1e4, hMPV,
rhinoviruses, enteroviruses, coronaviruses,
adenoviruses
Rotavirus, norovirus, adenovirus, astrovirus
HSV, VZV, HPV

Rapid antigen tests (inﬂuenza A and B, RSV), ﬂuorescent
antibody staining (inﬂuenza A and B, RSV, PIV 1e3,
adenoviruses, hMPV), culture, multiplex NAAT, RS [14], SERS [18]
Rapid antigen tests (rotavirus, norovirus, adenovirus), NAAT
Fluorescent antibody staining (HSV and ZVZ), culture
(HSV and VZV), NAAT
NAAT, serology (West Nile and other arboviruses)

Gastrointestinal viruses
Mucocutaneous viruses
Central nervous system viruses

Opportunistic agents
Mononucleosis syndrome in
non-immunocompromised
individuals
HIV, HCV, HBV viral loads
Viral Genotyping
HIV, HCV, HBV diagnosis
Systemic infections of childhood
Tropical and emerging infections

Unknown virus

HSV, VZV, CMV, EBV, HHV-6, JCV,
enteroviruses, parechoviruses, West Nile virus,
other arboviruses
CMV, EBV, BKV, HHV-6, adenoviruses
EBV, CMV, HIV

HIV, HCV, HBV
HCV, HBV, HPV
HIV, HCV, HBV
Parvovirus B19, measles virus, rubella virus,
mumps virus
Dengue virus, Zika virus, Yellow Fever virus and
other ﬂaviviruses; Chikungunya and other
alphaviruses; hemorrhagic fever viruses
including arenaviruses, bunyaviruses, and
ﬁloviruses; Hendra and Nipah viruses
Any

NAAT, antigen detection (CMV pp65 assay), cytology (BKV)
Serology, NAAT, IR [8]

NAAT, RS [7]
Nucleotide sequencing, reverse hybridization, NAAT
(Cleavase reaction for HPV)
Serology, NAAT
Serology, NAAT
Serology, culture, NAAT (hemorrhagic fever testing is
done in BSL-4 laboratories), NMR spectroscopy [16]

Culture, microarray, nucleotide sequencing, NGS, MSF [17]

BKV, BK virus; CMV, cytomegalovirus; EBV, Epstein-Barr virus; HBV, hepatitis B virus; HCV, hepatitis C virus; HHV-6, human herpes virus 6; HIV, human immunodeﬁciency
virus; hMPV, human metapneumovirus; HPV, human papillomavirus; HSV, herpes simplex virus; IR, Infrared spectroscopy; JCV, JC virus; MFS, molecular ﬂuorescence
spectroscopy; NAAT, nucleic acid ampliﬁcation testing; NGS, next-generation sequencing; NMR, nuclear magnetic resonance spectroscopy; PIV, parainﬂuenza virus; RS,
Raman spectroscopy; RSV, respiratory syncytial virus; SERS, surface-enhanced Raman spectroscopy; VZV, varicella-zoster virus.
Updated from Storch and Wang [68].
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with possible congenital infection. Multiple test methods
continue to be used, but molecular tests are emerging as the
dominant technology. A variety of commercial molecular assays
have been or are in the process of being approved or cleared as
in vitro diagnostic tests by the Food and Drug Administration
(FDA). This is an important development because it makes viral
diagnostic testing available to more laboratories, and it improves
the standardization of diagnostic testing. The scope of diagnostic
virology has broadened [68]. General categories of viral diagnosis/research testing and the viruses included in those categories are shown in Table 6.
Modern diagnostic virology dates to the ﬁrst growth of human
viruses in tissue culture reported by Weller and Enders in 1948 [69].
This and other landmarks in the history of diagnostic virology are
shown in Table 7. Table 8 highlights 13 relevant studies carried out
since 2006, making use of biospectroscopy for virological purposes.

Table 7
Landmarks in the history of diagnostic virology.
Year

Landmark

1892

Intranuclear and intracytoplasmic inclusions noted
at the base of smallpox lesions [70]
Discovery by loefﬂer and Frosch that foot-andmouth disease of cattle is caused by a ﬁlterable
agent, referred to as a virus
Complement ﬁxation method described for
detection of antibodies to smallpox, vaccinia, and
varicella-zoster viruses [71]
First growth of pathogenic human viruses in tissue
culture [69]
Use of spectroscopy with biological perspectives [1]
Detection of inﬂuenza virus in respiratory
secretions using ﬂuorescent antibody staining
[72,73]
Development of monoclonal antibodies as
diagnostic reagents [74]
Discovery of polymerase chain reaction [75]
Development of real-time PCR [76]
Beginning of systematic approaches to virus
discovery [76e78]

1898

1929

1948
1949
1956

1975
1985
1992
2002

6. Conclusions

Updated from Storch and Wang [68].

LR ð  Þ ¼

SPEC
1  SENS

(7)

where TP is deﬁned as true positive, TN as true negative, FP as false
positive, and FN as false negative.
5. Diagnostic virology
Diagnostic virology continues to evolve rapidly. Viral testing is
now essential for the care of a number of patient groups,
including hospitalized patients with acute respiratory infections;
transplant recipients and other immunocompromised patients;
patients infected with human immunodeﬁciency virus (HIV),
hepatitis C virus (HCV), and hepatitis B virus (HBV); and infants

Diseases caused by viral infections are one of the biggest
problems for global health; and as methods involved in diagnostics
are getting faster and more efﬁcient, treatment is the fastest. This
retrospective study aimed to explore biospectroscopy applications
in studies in the ﬁeld of virology in order to provide a theoretical
support for the techniques used, and to suggest the applying tools
that have not been used.
Spectroscopic methods have the characteristic of providing fast
results and reliable information related to the composition of the
samples. The studies presented herein have shown promising results in a ﬁeld of science that needs to be better explored. It has
been shown that multivariate analysis techniques are of great
importance to analyze spectroscopic data, providing the potential
to identify and classify biological samples. We hope that with
advancement in this ﬁeld of study, portable spectroscopic devices
could be used in clinics and hospitals in the near future, so that the
samples could be analyzed in loco for screening or diagnosis
strategies.

Table 8
Some relevant biospectroscopy studies carried out in the ﬁeld of virology since 2006.
Year

Spectroscopic technique

Virus/class of virus
studied

Objective

2006

Raman and FTIR

Hepatitis C virus

2008

Near-infrared Raman

Hepatitis C virus

Surface-enhanced
Raman
Tip-enhanced Raman
scattering

RSV

To characterize the structure of the region 50 untranslated
(50 UTR, 342-mer RNA) of the HCV genome [24].
To differentiate between healthy human blood serum and
human serum with hepatitis C contamination in vitro [5].
Identiﬁcation and classiﬁcation of respiratory syncytial
virus (RSV) strains [11].
To provide spectroscopic vibration information with a
spatial resolution of less than 50 nm to characterize unique
viruses at the molecular level [25].
To detect and discriminate 7 food and aquatic viruses,
including norovirus, adenovirus, parvovirus, rotavirus,
coronavirus, paramyxovirus and herpes virus [41].
To apply metabonomics to identify patients infected with
the hepatitis C virus (HCV) through an analysis of 1H NMR
spectra of urine samples [48].
To detect and quantify poliovirus infection in cell culture
[46].
To analyze spectroscopic changes caused by the presence of
HIV-1 [6].
To identify nasal ﬂuids contaminated with inﬂuenza virus
[42].
To detect adenovirus-infected cells [12].
Reveal NS2B membrane topology of the dengue virus [9].
To assess viral activity and hepatic ﬁbrosis [21].
Identiﬁcation of Dengue-3 viral load in serum and blood
[79].

2010

Tobacco mosaic virus

Surface-enhanced
Raman

Food and Waterborne
viruses

NMR

Hepatitis C virus

2011

FTIR

Poliovirus

2012

Near-infrared (NIR)

HIV-1

Near-infrared (NIR)

Inﬂuenza virus

Raman
NMR
NMR
ATR-FTIR

Adenovirus
Dengue virus
Hepatitis C virus
Dengue virus

2014
2015
2016
2017
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ATR-FTIR spectroscopy coupled with multivariate
analysis techniques for the identiﬁcation of DENV-3
in diﬀerent concentrations in blood and serum:
a new approach
Marfran C. D. Santos,a Yasmin M. Nascimento,bc Josélio M. G. Araújo
and Kássio M. G. Lima *a

bc

In most cases of virus infections the viral load is directly related to the intensity of the disease. Nowadays, the
main routine diagnoses for dengue fever are only qualitative, they only inform us if the patient has dengue
fever or not. However, it is important to be aware of the patient's viral load so that proper care can be taken.
In this study we used attenuated total reﬂection Fourier transform infrared spectroscopy (ATR-FTIR)
coupled with multivariate analysis techniques to identify and discriminate dengue serotype 3 (DENV-3)
diluted in diﬀerent concentrations in serum and blood samples with the purpose of developing a simple,
fast and non-destructive methodology for a quantitative analysis of the dengue virus. Techniques such as
principal component analysis-linear discriminant analysis (PCA-LDA), successive projection algorithm –
linear discriminant analysis (SPA-LDA) and genetic algorithm – linear discriminant analysis (GA-LDA) were
applied in this classiﬁcation problem. Forty samples (40 for serum and 40 for blood) were infected with
DENV-3 at diﬀerent concentrations (ten samples for each concentration) and analyzed by IR
spectroscopy. The results showed that the models were successful in classifying the virus, the best
Received 22nd March 2017
Accepted 4th May 2017

results being for blood samples. The results of the multivariate classiﬁcation were tested based on
sensitivity, speciﬁcity, positive and negative predictive values, Youden's index and positive and negative
likelihood ratios, suggesting that ATR-FTIR spectroscopy coupled with multivariate analysis algorithms is
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an eﬀective tool in quantifying the dengue virus in providing rapid results, in addition to being non-
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destructive to the sample.

Introduction
Dengue fever is the most transmitted viral disease in the world1
and dengue viruses (DENV) 1 to 4 are members of the genus
Flavivirus of the family Flaviviridae. Infection by a serotype
leaves the individual immune to subsequent infections by the
same serotype throughout their life and immune to another
serotype for only a few months.2,3 Dengue is an infection caused
by a virus transmitted by arthropods. It is estimated that
currently more than 50 million infections occur annually, of
which 500 000 lead to hospitalizations for dengue hemorrhagic
fever (DHF), with a mortality rate of more than 5% in some
regions.4
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Clinical complications caused by dengue virus infection may
range from mild asymptomatic infection to dengue fever (DF) or
more severe manifestations such as dengue hemorrhagic fever
and dengue shock syndrome (DSS).5–7 In most cases, patients do
not feel the symptoms or feel an undiﬀerentiated fever with or
without redness showing on the body. In the case of DF symptoms, they are usually a high fever, headache, muscle pain
(myalgia), joint pain (arthralgia), pain behind the eyes and
redness on the body. Patients with DHF and DSS present high
fever, bleeding, thrombocytopenia and hemoconcentration as
the main symptoms, and may develop other complications such
as pleural eﬀusion and gastrointestinal or gingival bleeding.7,8
Viral isolation, RNA detection, antigen detection and serological methods for detecting IgM and IgG are among the most
widely used methods in laboratory diagnosis and in virological
studies,9,10 but both of these methods have some limitations
such as sample handling, requiring samples in the acute phase,
and are time-consuming to achieve results, among others.
Analyzing diagnostic methods, the most widely used methods
in hospitals and diagnostic clinics are serological methods.
These methods are qualitative, that is, they only inform if the
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patient is or is not infected. However, knowledge of the patient's
viral load is of great importance, since in most cases the viral
load is directly related to the intensity and stage of the disease.
The more viruses circulating, the more severe the disease is
normally, and the greater the care taken. Finally, identication
of the viral load, for some viruses (HIV mainly), can be used to
evaluate if the treatment is being eﬀective (if the viral load
decreases, it is assumed that the treatment is working). In the
case of dengue, rapid determination of viral load can be used as
a parameter to decide whether or not treatment is needed. With
this in mind, a quantitative test that is inexpensive, quick and
requires no sample handling is necessary so that clinical
treatment can be started as quickly as possible.
Spectroscopy studies the behavior of samples against their
interaction with radiation. Spectroscopic techniques are known
to provide fast and reliable results and its use in biological
studies has been dened by biospectroscopy.11 Several studies
have been carried out using spectroscopy for virology purposes,
such as detection and quantication of the poliovirus using
FTIR spectroscopy,12 detection of hepatitis C virus infection
using NMR spectroscopy,13 and diagnosis of HIV-1 infection
using near-infrared spectroscopy,14 among others, showing
promising results regarding the technique's ability to identify
the presence of the virus.
The mid-infrared region comprises the 400 to 4000 cm1 of
the electromagnetic spectrum. This radiation is absorbed by
molecules present in biological samples. The 900 to 1800 cm1
range is known as the biomolecule ngerprint region, because
spectral bands present referral tolipids (1750 cm1), carbohydrates (1155 cm1), proteins (amide I, 1650 cm1, amide
II, 1550 cm1, amide III, 1260 cm1) and DNA/RNA (1225
cm1, 1080 cm1). 15,16 In general, attenuated total reection
Fourier-transform infrared spectroscopy (ATR-FTIR) can be
used for collecting spectra in this range.15
When interrogating diﬀerent biological samples with FTIR,
the generated spectra have a lot of information which can make
interpreting diﬃcult; therefore, it is convenient to use algorithms that aid and facilitate spectral interpretation. In this
study we used principal component analysis (PCA – it reduces
data dimensionality, making use of the components that
explain data variability),16 successive projection algorithm and
genetic algorithm (SPA and GA – they reduce the size of the data,
selecting the variables that discriminate classes)17,18 and linear
discriminant analysis (LDA – it provides a maximum separation
of classes through the ratio of the variance between classes and
within the classes) as chemometric algorithms of multivariate
classication for discriminating classes via spectral
information.
Classication by diﬀerent concentrations of the dengue
virus through ATR-FTIR spectra using the PCA-LDA, SPA-LDA
and GA-LDA algorithms has never been studied. This study
aims to quantitatively discriminate DENV-3 samples in serum
and blood. The results were encouraging and show the potential of the technique to identify and quantify DENV-3, and it
may be used in the future as ancillary tools for clinical
diagnostics.

This journal is © The Royal Society of Chemistry 2017
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Material and methods
Subculture of cells
VERO E6 cells (African green monkey kidney cells) biological
sample has been used by biomedical laboratories worldwide. It
is very common for collaborating research groups to share this
cell line. In this study, the VERO E6 cells was kindly provided by
the Biotechnology Laboratory of Natural Polymer-Biopol,
Department of Biochemistry, Federal University of Rio Grande
do Norte (UFRN). VERO E6 cells (African green monkey kidney
cells) cultivated at 37  C in 5% CO2 were used in the study.
Leibovitz's 15 (L-15) medium of the culture bottle (25 cm3) was
discarded and subsequently 5 mL of PBS was poured in to
remove cell debris (2 times, then discarding PBS). 1000 mL of
trypsin was added and then incubated for 5 minutes at 37  C.
Then it was observed in a microscope to check if total monolayer displacement occurred. Upon observing total displacement, 10 mL of 10% L-15 medium was added to the bottle along
with homogenates and 5 mL was transferred to a sterile bottle.
Replication of dengue virus
Aliquots from cultivated DENV-3 were kindly provided by the
staﬀ from the Laboratory of Molecular Biology for Infectious
Diseases and Cancer (LADIC/UFRN). Isolated DENV-3 was
inoculated into VERO E6 cells with the purpose of promoting
viral replication. Next, 100 mL viral sample was used in a 25 cm3
bottle of cells. It was incubated for 1 hour at 37  C, being
homogenized every 15 minutes. Then medium was added with
2% fetal bovine serum (FBS) in order to provide nutrients for the
cell. Finally, it was incubated again at 37  C where it remained
for 7 days, and was observed daily. Conrmation of viral
infection was performed by nested Reverse Transcriptase PCR
assay (RT-PCR). Aer the viral infection was conrmed, the
supernatant was transferred to a falcon and centrifuged for 5
minutes at 1000 turns per minute. Lastly, 20% fetal bovine
serum was added to the virus isolate and stored at 70  C. The
titer of DENV-3 was determined by plaque assay at 1  104 PFU
mL1.
RNA extraction and nested Reverse Transcriptase PCR assay
(RT-PCR)
Viral RNA for the nested RT-PCR assay was extracted by using
QIAamp® Viral RNA Mini kit, Qiagen (Catalog number 52906),
in accordance with the manufacturer. The nested RT-PCR
protocol for DENV detection and typing was performed as
previously described by Lanciotti et al. (1992).
Sample preparation
For IR measurement, healthy human serum and blood samples
were infected with DENV-3 in conical-bottomed microtubes at
four dilutions (1  103, 1  102, 1 and 0.1 PFU mL1 for serum,
and 1  103, 1  102, 10 and 0.1 PFU mL1 for blood). All
experiments were performed in compliance with the guideline
“Biomedical research ethics review method involving people”
(Brazil), and approved by the medical ethics committee at
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Federal University of Rio Grande do Norte/Brazil (protocol
number # 51057015.5.0000.5537), informed consents were obtained from human participants of this study. The data set
consisted of 40 samples (40 for serum and 40 for blood) divided
into ten for each dilution. Another 10 non-infected serum and
blood samples were used as a control.

ATR-FTIR spectroscopy
Spectra acquisition was performed within 1 hour of sample
contamination. ATR-FTIR spectra were performed using
a BRUKER model FTIR VERTEX 70 equipped with ATR accessory. The spectra were obtained in the range of 400 to 4000
cm1, with a resolution of 4 cm1, with 16 scans and
a measurement time of 13 seconds per spectrum. The ambient
temperature was 22  C. Air was used as background in obtaining the spectra of samples contaminated with DENV-3. Soon
aer each acquisition of the background, 2 mL of each sample
was added to the ATR crystal, making sure that no air bubbles
were trapped. At each acquisition, a small piece of aluminum
foil was placed on the sample, following the studies of Cui et al.
(2016) where it has been observed that this is an appropriate
substrate for ATR-FTIR analyzes of various biological specimens
because it does not interfere with the spectra, does not sacrice
important biochemical ngerprint information of the sample
and is inexpensive.19 Aer the acquisitions, the crystal was then
cleaned with alcohol (70% v/v) and dried using paper towel. In
order to make sure the ATR crystal was clean, a spectrum was

Paper

collected using the latest background collected for reference.
BRUKER OPUS soware was used to convert the spectra to
absorbance.
Chemometric methods and soware
Principal Component Analysis (PCA) is a multivariate statistical
method that seeks to determine a smaller set of variables from
the linear combination of the original variables which
summarize the original system, thus reducing the dimensionality and complexity of the data. A reduction of variables is
performed in which the original spectral matrix X is decomposed as the product of the matrices scores and loadings,20 as
shown in eqn (1):
X ¼ TPT + E

(1)

where: X is the I  J data matrix (I is the number of objects and J
is the number of variables); T is the I  A matrix of score vectors
ta (A is the number of calculated components); P is the J  A
matrix of loadings vectors (the superscript T indicates the
transpose of the matrix P); and E is the I  J residual matrix.
Successive Projection Algorithm (SPA) is a variable selection
method (in this case, the variables are the wavenumbers) that
uses simple operations in a vector space to minimize variable
collinearity. SPA is a direct selection method, meaning it starts
with 1 variable and then incorporates another variable in each
interaction until it reaches a number of more discriminant N
variables.20

Fig. 1 Raw spectra for each original class: (a) DENV-3 in serum (1  103, 1  102, 1 and 0, 1 PFU mL1); (b) DENV-3 in blood (1  103, 1  102, 10
and 0, 1 PFU mL1).
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Genetic algorithm (GA) was another technique used for
variable selection. This algorithm makes use of techniques
based on biological genetics and evolution. A population is
created with n subsets, where each subset is composed by
a random combination of variables (wavenumbers). Each
subset is formed by m (the total number of variables that can be
chosen), 1's (variables selected by the model) and 0's (unselected variables). Therefore, in genetic terms, each variable
represents a gene, and a set of variables represents a chromosome. For example, for a selection problem with 10 variables,
a chromosome could be 1001010110, where variables 1, 4, 6, 8
and 9 would be the variables selected for the model, and variables 2, 3, 5, 7 and 10 would be the variables to be optimized.21
In this study for the GA routine, the number of individuals
(population) for each generation was 24, with the number of
generations equal to 12. The genetic operator mutation and
crossover were held constant at 10 and 60%, respectively. GA
was repeated three times and the best result was used. In this
study, in order to select the best optimal number of variables for
SPA and GA we used a cost function calculated in the validation
set,22 as shown in eqn (2):
G¼

Nn
1 X
gn
Nv n¼1

(2)

in eqn (2), gn is dened as:
gn ¼



r2 xn ; mlðnÞ


minlðmÞslðnÞ r2 xn ; mlðmÞ

(3)

where l(n) is the index of the true class for the nth validation
object xn.
Linear Discriminant Analysis (LDA) was another technique
employed. It is a supervised technique that is based on the
discriminant process developed by Fisher in 1936. LDA maximizes the ratio between the variance between classes and
intraclass variation in any particular data set, thus ensuring
maximum separability. LDA is eﬃcient when combined with
dimensionality reduction techniques (such as PCA, SPA and
GA).
The results of the multivariate classication for PCA-LDA,
SPA-LDA and GA-LDA were tested based on:sensitivity (condence in obtaining a positive result for a truly positive sample):
sens ð%Þ ¼

TP
 100
TP þ FN

(4)

specicity (condence in obtaining a negative result for
a sample actually negative values):
specð%Þ ¼

TN
 100
TN þ FP

(5)

Fig. 2 Pre-processed spectra (cut between 900 and 1800 cm1, baseline correction and smoothing) of: (a) DENV-3 in serum (1  103, 1  102, 1
and 0,1 PFU mL1); (b) DENV-3 in blood (1  103, 1  102, 10 and 0,1 PFU mL1).

This journal is © The Royal Society of Chemistry 2017
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positive predictive values (PPV; measures the proportion of
correctly assigned positive examples, and their value ranges
from 0 to 1):
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TP
PPV ¼
TP þ FP

TN
TN þ FN

(7)

Youden's index (YOU; assesses the ability of the classier to
avoid failures):
YOU ¼ sens  (1  spec)

LRð þ Þ ¼

(6)

negative predictive values (NPV; measures the proportion of
correctly assigned negative examples and their value ranges
from 0 to 1):
NPV ¼

positive and the probability of predicting one as positive when it
is not positive):

(8)

positive likelihood ratios (LR(+); represents the ratio between
the probability of predicting a sample as positive when it is truly

sens
1  spec

(9)

negative likelihood ratios (LR(); represents the ratio between
the probability of predicting a sample as negative when it is
positive and the probability of predicting a sample as negative
when it is truly negative):
LRð  Þ ¼

1  sens
spec

(10)

where TP is dened as true positive, FP is false positive, TN is
true negative and FN is false negative.
MATLAB R2012b soware (Math-works, Natick, USA) was
used for data import, pre-treatment, and construction of the
chemometric classication models. The raw spectra were preprocessed with cuts between 900 and 1800 cm1 (235

DF1  DF2 discriminant function values calculated with 4 PC's for: (a) DENV-3 in serum ( 1  103, 1  102, 1 and 0,1 PFU mL1); (b)
DENV-3 in blood ( 1  103, 1  102, 10 and 0.1 PFU mL1).
Fig. 3

Table 1

Variables selected by SPA-LDA to obtain the classiﬁcation of diﬀerent concentrations of DENV-3 in serum and blood

Chemometric analysis

Wavenumber selected (cm1)

SPA-LDA for DENV-3 in serum

908, 943, 989, 1041, 1080, 1124, 1144, 1194, 1302, 1315, 1360, 1441, 1477,
1500, 1541, 1578, 1632, 1695, 1724, 1801
918, 989, 1049, 1076, 1105, 1151, 1227, 1304, 1317, 1356, 1414, 1489,
1524, 1564, 1618, 1653, 1682, 1718, 1801

SPA-LDA for DENV-3 in blood

25644 | RSC Adv., 2017, 7, 25640–25649
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Fig. 4 Graph of the variables selected by SPA-LDA, marked in the average spectrum of: (a) DENV-3 in serum and (b) DENV-3 in blood.

Fig. 5 DF1  DF2 discriminant function values calculated with the variables selected by SPA-LDA for: (a) DENV-3 in serum ( 1  103, 1  102, 1
and 0,1 PFU mL1); (b) DENV-3 in blood ( 1  103, 1  102, 10 and 0.1 PFU mL1).
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wavenumbers at 4 cm1 spectral resolution), baseline-corrected
and Savitzky–Golay smoothing (window 15 points). The samples
were divided into three sets for the PCA-LDA, SPA-LDA and GALDA models (60% for training, 20% for validation and 20% for
prediction) using the classic Kennard–Stone uniform sampling
algorithm.23 The KS algorithm was applied separately for each
class to maximize the Euclidean minimum distances between
selected and unselected samples.

Due to the great similarity between the spectra of the
diﬀerent classes, it is necessary to use algorithms (PCA-LDA,
SPA-LDA and GA-LDA, in this case) that mathematically nd
spectral information capable of discriminating one class from
another. The models were applied to classify the serum and
blood samples by the concentration of DENV-3 present, and
nally their performances were compared. The results are discussed below.

Results and discussion

PCA-LDA

In Fig. 1a and b we can see the raw spectra of infected serum (1 
103, 1  102, 1 and 0.1 PFU mL1) and infected blood samples (1
 103, 1  102, 10 and 0.1 PFU mL1), respectively. These spectra
were subjected to pre-processing (cut between 900 and 1800
cm1, baseline correction and smoothing) and the results can be
seen in Fig. 2a and b. As can be seen, the spectra are very similar,
being impossible the visual diﬀerentiation between them.

Fig. 3a and b show the plot of the Fisher scores in a twodimensional space resulting from principal component
analysis-linear discriminant analysis (PCA-LDA) for the infected
serum and blood samples, respectively. Each point represents
a spectrum of a sample. As can be seen, Fisher scores do not
show good segregation between classes. For this study the PCALD was performed using 4 principal components (4 PC's, 94% of

Table 2

Variables selected by GA-LDA to obtain the classiﬁcation of diﬀerent concentrations of DENV-3 in serum and blood

Chemometric analysis

Wavenumber selected (cm1)

GA-LDA for DENV-3 in serum
GA-LDA for DENV-3 in blood

905, 926, 949, 984, 1047, 1055, 1176, 1196, 1277, 1311, 1321, 1396, 1448, 1554, 1603, 1753, 1761
986, 1053, 1065, 1225, 1337, 1352, 1529, 1541, 1666, 1686, 1689

Fig. 6

Graph of the variables selected by GA-LDA, marked in the average spectrum of: (a) DENV-3 in serum and (b) DENV-3 in blood.
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variance explained for serum samples and 95% for blood
samples).
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SPA-LDA and GA-LDA
Then, SPA-LDA and GA-LDA were applied to select an optimal
number of variables through the minimum cost of the G function. Fisher scores were obtained for both models, with a better
segregation of the classes in relation to the PCA-LDA models.
In the case of infected serum samples the SPA-LDA selected
20 wave numbers, while for the case of infected blood samples
the SPA-LDA selected 19 wave numbers (Table 1). The selected
wave numbers are like biological markers, selected by the
models as the variables that most discriminate one class from
another. Fig. 4a and b show the graphs of the selected variables
by SPA-LDA for serum and blood DENV-3 samples, respectively.
Using these selected variables, the Fisher scores were calculated
(shown in Fig. 5). As can be seen, Fisher scores for SPA-LDA
show a better segregation of classes than those calculated for
PCA-LDA, being visually better separated for dengue-3 samples
in blood than in serum.
In analyzing the wavenumbers selected by SPA-LDA for the
contaminated serum samples, we observed that the main biological changes of interest that discriminate the diﬀerent
concentrations are related to amide II of proteins (z1500 cm1)

RSC Advances

and RNA (z1080 cm1) vibrations. When examining the
wavenumbers selected by SPA-LDA for infected blood samples,
the main changes are related to carbohydrate (z1151 cm1),
protein structures (amide I, z1653 cm1, amide III, z1317
cm1), and RNA (z1227 cm1, z1076 cm1) vibrations.
In the case of the GA-LDA, 17 wavenumbers were selected for
the infected serum samples and 11 wavenumbers for the
infected blood samples (Table 2). The graph of the selected
variables can be seen in Fig. 6. As can be seen in Fig. 7, Fisher
scores showed good visual segregation between classes, mainly
in the case of infected blood samples (as in the case of SPALDA).
Among the 17 wavenumbers selected by GA-LDA that best
discriminate infected serum samples, we can highlight changes
related to protein structures (amide III, z1311 cm1, amide II,
z1554 cm1), COO symmetric stretch in fatty acids (z1396
cm1) and lipid (z1753 cm1) vibrations. Among the 11 wavenumbers selected by GA-LDA in the case of infected blood
samples, those that appear to be of major biological interest are
related to RNA (z1238 cm1), protein structures (amide III,
z1329 cm1, amide I, z1661 cm1) and lipid (z1743 cm1)
vibrations. The changes associated with RNA make sense, since
even within a single serotype there are minimal diﬀerences
found between the RNA of one viral particle and another.

Fig. 7 DF1  DF2 discriminant function values calculated with the variables selected by GA-LDA for: (a) DENV-3 in serum ( 1  103, 1  102, 1
and 0.1 PFU mL1); (b) DENV-3 in blood ( 1  103, 1  102, 10 and 0.1 PFU mL1).

This journal is © The Royal Society of Chemistry 2017
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Table 3

Measurements of the performance of PCA-LDA, SPA-LDA
and GA-LDA in classifying diﬀerent concentrations of DENV-3 in
serum by FTIR spectroscopy

Table 4 Measurements of the performance of PCA-LDA, SPA-LDA
and GA-LDA in classifying diﬀerent concentrations of DENV-3 in blood
by FTIR spectroscopy

DENV-3 in serum

DENV-3 in blood

Stage performance features

PCA-LDA

SPA-LDA

GA-LDA

Stage performance features

PCA-LDA

SPA-LDA

GA-LDA

1  103 PFU mL1
Sensitivity (%)
Specicity (%)
Positive predictive values (PPV)
Negative predictive values (NPV)
Youden index (YOU)
Positive likelihood ratios (LR+)
Negative likelihood ratios (LR)

100.0
100.0
100.0
100.0
100.0
0.0
0.0

100.0
100.0
100.0
100.0
100.0
0.0
0.0

50.0
100.0
100.0
66.6
50.0
0.0
0.5

1  103 PFU mL1
Sensitivity (%)
Specicity (%)
Positive predictive values (PPV)
Negative predictive values (NPV)
Youden index (YOU)
Positive likelihood ratios (LR+)
Negative likelihood ratios (LR)

100.0
100.0
100.0
100.0
100.0
0.0
0.0

100.0
100.0
100.0
100.0
100.0
0.0
0.0

100.0
100.0
100.0
100.0
100.0
0.0
0.0

100.0
100.0
100.0
100.0
100.0
0.0
0.0

100.0
100.0
100.0
100.0
100.0
0.0
0.0

100.0
100.0
100.0
100.0
100.0
0.0
0.0

1  102 PFU mL1
Sensitivity (%)
Specicity (%)
Positive predictive values (PPV)
Negative predictive values (NPV)
Youden index (YOU)
Positive likelihood ratios (LR+)
Negative likelihood ratios (LR)

100.0
100.0
100.0
100.0
100.0
0.0
0.0

100.0
100.0
100.0
100.0
100.0
0.0
0.0

100.0
50.0
66.6
100.0
50.0
2.0
0.0

1  102 PFU mL1
Sensitivity (%)
Specicity (%)
Positive predictive values (PPV)
Negative predictive values (NPV)
Youden index (YOU)
Positive likelihood ratios (LR+)
Negative likelihood ratios (LR)

1 PFU mL1
Sensitivity (%)
Specicity (%)
Positive predictive values (PPV)
Negative predictive values (NPV)
Youden index (YOU)
Positive likelihood ratios (LR+)
Negative likelihood ratios (LR)

0.0
0.0
0.0
0.05
100.0
0.0
0.0

50.0
50.0
50.0
0.0
0.0
1.0
1.0

50.0
100.0
100.0
66.6
50.0
0.0
0.5

10 PFU mL1
Sensitivity (%)
Specicity (%)
Positive predictive values (PPV)
Negative predictive values (NPV)
Youden index (YOU)
Positive likelihood ratios (LR+)
Negative likelihood ratios (LR)

100.0
100.0
100.0
100.0
100.0
0.0
0.0

100.0
100.0
100.0
100.0
100.0
0.0
0.0

100.0
100.0
100.0
100.0
100.0
0.0
0.0

0.1 PFU mL1
Sensitivity (%)
Specicity (%)
Positive predictive values (PPV)
Negative predictive values (NPV)
Youden index (YOU)
Positive likelihood ratios (LR+)
Negative likelihood ratios (LR)

50.0
50.0
50.0
50.0
0.0
1.0
1.0

100.0
100.0
100.0
100.0
100.0
0.0
0.0

0.0
100.0
0.0
50.0
0.0
0.0
1.0

0.1 PFU mL1
Sensitivity (%)
Specicity (%)
Positive predictive values (PPV)
Negative predictive values (NPV)
Youden index (YOU)
Positive likelihood ratios (LR+)
Negative likelihood ratios (LR)

100.0
100.0
100.0
100.0
100.0
0.0
0.0

100.0
100.0
100.0
100.0
100.0
0.0
0.0

100.0
100.0
100.0
100.0
100.0
0.0
0.0

The good segregations shown for SPA-LDA and for GA-LDA
give us an indication that these chemometric models will
provide good results for gures of merit [sensitivity, specicity,
PPV, NPV, YOU, LR(+) and LR()].
The performances of the method were evaluated through
validation measures. Tables 3 and 4 presents the performance
measures for PCA-LDA, SPA-LDA and GA-LDA for serum and
blood samples with diﬀerent concentrations of DENV-3,
respectively. As can be seen, the models made some errors
for the serum samples, however they obtained an excellent
classication performance for the blood samples (in this case,
PCA-LDA, SPA-LDA and GA-LDA obtained 100% sensitivity and
specicity), demonstrating that ATR-FTIR spectroscopy
together with classication techniques has the potential to
quantitatively discriminate the dengue virus (in this case
DENV-3) in serum and blood, and may, in the near future,
assist in the more detailed diagnosis and correct treatment of
patients.

25648 | RSC Adv., 2017, 7, 25640–25649

Conclusion
The spectra acquisition of each infectious agent can be identied to avoid cross-reactions in cases of co-infections or comorbidities. Serum and blood-based vibrational spectroscopy
has been applied in studies with various diseases, but it has
never been used in the quantitative classication of dengue
virus (determination of dengue viral load). The importance of
this determination is related to the fact that the viral load is
associated with disease time, and, in most cases, is directly
related to the severity of the disease. A patient with a high viral
load needs a more urgent treatment. Thus, a rapid and sensitive
technique for quantitative determination of the virus may assist
in the correct treatment of patients or inform those patients
who do not need treatment. The results of this study suggest
that IR spectroscopy with multivariate classication techniques
(PCA-LDA, SPA-LDA and GA-LDA, in this case) can be applied in
this clinical perspective. Principal component-based dimensional reduction techniques (PCA) and variable selection (SPA

This journal is © The Royal Society of Chemistry 2017
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and GA) combined with LDA were performed in an attempt to
extract information from the ATR-FTIR spectra that best
diﬀerentiate the DENV-3 concentrations. In comparing the
DENV-3 samples in serum and DENV-3 in blood, the implemented classication models obtained better results for blood
samples, with 100% sensitivity and specicity values for PCALDA, SPA-LDA and GA-LDA. Although the results have been
encouraging, it is necessary to carry out studies with a larger
number of samples for greater reliability. However, this study
shows that further research is worth exploring in this perspective and suggests that in the near future we will be able to rely on
portable spectroscopic instruments that emit specic radiation
and simultaneous multivariate analyzes in the clinical and
virological study environments.
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GRAPHICAL ABSTRACT

Abstract: Our objective was to evaluate the use biospectroscopy coupled with multivariate
classification methods in order to identify the dengue virus in human serum and blood
samples. In this study, healthy human serum and blood samples were infected with isolates of
each serotype (dengue-1, -2, -3, -4), where spectroscopy was used in constructing a
multivariate model in an attempt to diagnose the samples in infected or non-infected samples,
and specify the serotype responsible for the infection. The data set consisted of 50 samples for
serum and 50 samples for blood. The spectroscopic method used was attenuated total
reflection Fourier-transform infrared (ATR-FTIR) spectroscopy and the classification
algorithms were successive projection algorithm-linear discriminant analysis (SPA-LDA) and
genetic algorithm-linear discriminant analysis (GA-LDA). The results of this study show the
potential of the technique to disaggregate samples infected with dengue, as well as a new nondestructive, rapid, sensitive and specific approach in the field of virology.
Keywords: Dengue, ATR-FTIR, SPA-LDA, GA-LDA, Multivariate classification.
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Introduction
Dengue is the most commonly occurring arthropod-borne virus in the world, with an
estimated 50 million infections occurring each year. The annual average of dengue fever (DF)
or dengue hemorrhagic fever (DHF) cases reported to the World Health Organization (WHO)
has grown dramatically over the years.1,2 Dengue viruses (DENV) 1 to 4 are members of the
genus Flavivirus of the family Flaviviridae, where all serotypes can induce classic
manifestations (DF) or major complications (DHF, for example).3 Infection by a serotype
leaves the individual immune to this serotype throughout life and immune to other serotypes
for only a few months.
The virus is formed by its genome (positive-stranded RNA) that is protected by a layer
formed by proteins called capsid (or nucleocapsid) which is surrounded by a lipid bilayer
called viral envelope. Encrusted on the viral envelope are 180 copies of two glycoproteins
(proteins E and M). The genome consists of three structural proteins (capsid, membrane (M)
and envelope (E)), and seven non-structural proteins (NS1, NS2B, NS3, NS4A, NS4B and
NS5), where each protein has a specific and important function for the virus.4–11
Dengue diagnosis can be performed by direct methods (virus isolation, genome
detection, antigen detection) and indirect methods [serological methods such as
Immunoglobulin M (IgM) and Immunoglobulin G (IgG) detection]. Direct methods are the
most specific and reliable; however, the most widely used methods in diagnostic clinics are
serological methods, being less specific, faster, and cheaper.12–14 Table 1 shows the
advantages and disadvantages of the main methods present in clinical diagnostics.
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Table 1: Advantages and disadvantages of the main methods present in clinical diagnostics.
Diagnostic Tests

Advantages

Disadvantages

References

Serological
diagnostics

Confirms
infection; low
cost; easy
operation.

Levels of IgM may be low in
secondary infections; Requires more
than one serum sample; 10% false
negative and 1.7% false positive.

[12, 13]

Diagnosis by
virus detection

Confirms
infection; High
specificity;
Identifies the
serotypes.

Requires samples in the acute phase;
Requires expertise in the method;
Delayed result (more than one
week); Does not differentiate into
primary or secondary infection;
expensive.

[12, 13]

Diagnosis by
antigen detection

Confirms
infection; Easy
to perform; Less
expensive than
genome or virus
detection;

It is not as sensitive and specific as
virus or genome detection; Requires
expertise in pathology.

[12, 13]

Diagnosis by
genome detection

Confirms
infection; High
sensitivity and
specificity;
Identifies
serotype; Results
between 24 and
48 hours.

Requires sample in the acute phase;
Requires expensive expertise and
equipment; Does not differentiate
between primary or secondary
infection.

[12, 13]

Considering the numerous limitations of the techniques used in dengue diagnosis, a
new methodology that combines more advantages such as quick results, low cost, sensitivity,
specificity, and no preparation or sample handling, among others, would be of great
importance. With this in mind, in this study we suggest the use of biospectroscopy. This field
of research has been growing as a powerful technology in biomedical research, studying the
behavior of biological samples when interacting with radiation. In this study, we used
frequency radiation in the mid-infrared (MIR) region in the electromagnetic spectrum
(wavenumber between 4000-400 cmˉ¹) because radiation in this range is absorbed by
biomolecules. This band has what we call a fingerprint region of biological samples (900 1800 cm-1). In this region, spectral bands can be located by referring to lipids (~ 1750 cmˉ¹),
carbohydrates (~ 1155 cmˉ¹), proteins (Amide I, ~ 1650 cmˉ¹, Amide II, ~ 1550cmˉ¹, Amide
III, ~ 1260 cmˉ¹) and DNA/RNA (~ 1225 cmˉ¹, 1080 cmˉ¹).15
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The spectroscopic technique used to acquire spectra in this range was ATR-FTIR. In
this technique, an infrared beam is directed to the sample through a crystal (usually of
diamond, germanium or zinc selenide). Radiation absorption occurs when a biological sample
is brought into contact with the crystal, and produces an absorbance spectrum. The use of
ATR-FTIR for non-destructive analysis of biological samples is a research area that is rapidly
ascending, focusing on its usefulness in cytological and histological diagnosis through spectra
generation.16,17
Visually distinguishing the spectra of infected and non-infected samples can be
difficult because most of the time there is a large overlap of bands. Therefore, it is necessary
to use multivariate classification algorithms capable of mathematically discriminating spectral
information. In this study, we used successive projection algorithm–linear discriminant
analysis (SPA–LDA) and genetic algorithm–linear discriminant analysis (GA–LDA). These
techniques reduce the dimensionality of the spectrum through different mathematical
principles without losing important information and try to discriminate the classes according
to data variance. Spectroscopy in conjunction with multivariate classification techniques has
demonstrated great potential in identifying viruses¹⁸. ATR-FTIR has never been used in
conjunction with SPA-LDA and GA-LDA in attempting to diagnose dengue-infected
samples.19–20
Therefore, in this work we used ATR-FTIR together with SPA-LDA and GA-LDA
with the objective of developing a detection method for dengue based on spectroscopy and
multivariate analysis. In this study, we infected healthy human blood and serum samples and
then constructed the multivariate models to diagnose the infected and non-infected samples
and further specify the serotypes. The results of the studies showed that ATR-FTIR coupled
with the implemented algorithms is a powerful tool for detecting the presence of the dengue
virus in biological samples. This technique’s rapidity, non-destructiveness of the sample and
sensitivity should make it of great interest in the field of virology and clinical diagnosis.

Experimental
Samples and Virus titration using VERO cells
Aliquots from cultivated DENV-1-4 were kindly provided by the staff from the
Laboratory of Molecular Biology for Infectious Diseases and Cancer (LADIC/UFRN). VERO
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E6 cells (African green monkey kidney cells) were used for cell culture, cultured at 37°C and
5% CO2. A 25 cm³ culture flask was used where Leiboviz's medium 15 (L-15) was discarded
and subsequently 5 ml PBS was added to remove cell debris by discarding PBS twice. 1000 μl
of trypsin was added and incubated for 5 minutes at 37°C. After this period, when total
displacement of the monolayer was observed, 10 mL of 10% L-15 medium was added to the
bottle, homogenized, and then 5 mL were transferred to a sterile bottle. DENV-1, 2, 3 and 4
isolates were then inoculated into VERO E6 cells (African green monkey kidney cells) for
virus replication. 100 μL of each isolate was used in 25 cm³ cell bottles incubated for 1 hour
at 37°C and homogenized every 15 minutes. Then 2% fetal bovine serum (FBS) was added to
the medium for cellular supplementation and incubated again at 37°C for 7 days, while being
observed daily. After the 7 day incubation period, viral infection was confirmed by nested
Reverse Transcriptase PCR assay (RT-PCR). With the infection confirmed, the supernatant
was transferred to a falcon and centrifuged for 5 minutes at 1000 turns per minute. Finally,
20% FBS was added to the isolate and stored at -70°C. The DENV-1-4 titer was determined
by plaque assay: 3.3 PFU/mL for DENV-1, 5.9 x 10³ PFU/mL for DENV-2, 10⁴ PFU/mL for
DENV-3 and 10³ PFU/mL for DENV-4.

RNA extraction and Nested Reverse Transcriptase PCR assay (RT-PCR)
Viral RNA for the nested RT-PCR assay was extracted by using QIAamp® Viral RNA
Mini kit, Qiagen (Catalog number 52906), in accordance with the manufacturer. The nested
RT-PCR protocol for DENV detection and typing was performed on DENV samples, as
previously described by Lanciotti et al. (1992). [14]

Sample preparation
Serum and blood samples from healthy volunteers were infected with the serotypes at
concentrations of 0.33 PFU/mL for DENV-1, 5.9 × 10² PFU/mL for DENV-2, 10² PFU/mL
for DENV-3 and 10² PFU/mL for DENV-4 in conical bottom microtubes. The data set
consisted of 40 samples for infected serum and 40 samples for infected blood (10 samples for
each serotype), along with 10 samples of non-infected serum and 10 samples of non-infected
blood to be used as controls.
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ATR-FTIR Spectroscopy
Spectra acquisition was performed using the BRUKER FTIR VERTEX 70 model
equipped with an ATR device. The range of obtained spectra was between 400 to 4000 cmˉ¹
(resolution of 4 cmˉ¹, 16 scans and time of 13 seconds per spectrum). The apparatus was
placed in an air-conditioned room at 22°C, and the samples were allowed to equilibrate at this
temperature. The air was used as background in obtaining the spectra, where 2 μL of sample
was added to the ATR crystal immediately after the acquisition of the background, thus
ensuring that there were no air bubbles trapped, and then a small piece of aluminum foil was
placed over the sample in following the results of the studies performed by Cui et. al (2016).21
The crystal was washed with alcohol (70% v/v) and dried with paper towel after each
acquisition. A spectrum was collected with the last background as a reference in order to be
sure that the crystal was cleaned properly. BRUKER OPUS software was used to convert the
spectra to absorbance.

Chemometric methods: SPA-LDA and GA-LDA
Linear discriminant analysis (LDA) is a well-known supervised classification method.
In LDA, the data of classes projected in an arbitrary line or space are well separated from
each other. In this technique, the maximization of the ratio between inter-class variability and
intra-class variability in the training set is used as a criterion for class discrimination. For
large-scale data such as the spectra used in this study, it is necessary to use other appropriate
algorithms that aid in reducing dimensionality.22 In this study, the algorithms used in
conjunction with LDA were Successive Projection Algorithm (SPA) and Genetic Algorithm
(GA).
Successive projection algorithm (SPA) in this study was used as a variable selection
technique (in this case, the variables are the wavenumbers). As a criterion for selecting the
best subset of variables, a cost function G (equation 1) is associated with the average risk of
misclassification by LDA. The cost is calculated in the validation set. ²³ˉ24
𝐺=

1
𝑁𝑣

∑𝑁𝑣
𝑛=1 𝑔𝑛

in equation 1 𝑔𝑛 is defined as:

(1)
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𝑔𝑛 =

𝑟²(𝑥𝑛 ,𝑚𝑙(𝑛) )

(2)

𝑚𝑖𝑛𝑙(𝑚)≠𝑙(𝑛) 𝑟²(𝑥𝑛 ,𝑚𝑙(𝑚) )

In equation 2, the numerator can be understood as the squared Mahalanobis distance 25
between the object 𝑥𝑛 and the mean of the sample 𝑚𝑙(𝑛) of its true class, and the denominator
the squared Mahalanobis distance between object 𝑥𝑛 and the center of the closest wrong class.
Another algorithm that was used as a variable selection technique in this study was the
genetic algorithm (GA). GA creates subsets of variables (wave numbers), where each variable
is given values 0 or 1; in genetic terms these subsets are the chromosomes, and each variable
represents a gene. Genes of value 1 correspond to wave numbers included in the data set to be
used in the classification model. The first population of individuals is generated randomly and
evolution occurs through generations, where the fitness of each individual of the population is
evaluated in each generation. Based on fitness, several individuals are selected and modified
(recombined and mutated) to form a new population until they reach a population of optimal
wave numbers for class discrimination. This optimal number of selected variables is also
determined by the cost function G (equation 1). For this study, 15 generations were used in
GA routine, with each having 30 populations. Genetic operator mutation and crossover were
held constant at 10 and 60% respectively, as suggested by Pontes et al. (2005).26 The GA
routine was performed three times and the best result was chosen.
The results of the classification were tested based on sensitivity, specificity, positive
and negative predictive values, Youden’s index and positive and negative likelihood ratios.
Table 2 shows how to calculate and what each figure of merit represents.
Table 2: How to calculate and the meaning of each figure of merit used to test the
effectiveness of the algorithms SPA-LDA and GA-LDA in diagnosing dengue. *TP is defined
as true positive, FP is false positive, TN is true negative and FN is false negative.
Figures of merit

How to calculate

Meaning

Sensitivity

𝑠𝑒𝑛𝑠 (%) =

𝑇𝑃
𝑥 100
𝑇𝑃 + 𝐹𝑁

Confidence in obtaining a
positive result for a truly
positive sample.

Specificity

𝑠𝑝𝑒𝑐 (%) =

𝑇𝑁
𝑥 100
𝑇𝑁 + 𝐹𝑃

Confidence in obtaining a
negative result for a
sample
with
actual
negative values.

Positive predictive values

𝑃𝑃𝑉 =

𝑇𝑃
𝑇𝑃 + 𝐹𝑃

Measures the proportion
of correctly assigned
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positive samples, and
their value ranges from 0
to 1.
Negative predictive values

Youden index

𝑁𝑃𝑉 =

𝑇𝑁
𝑇𝑁 + 𝐹𝑁

𝑌𝑂𝑈 = 𝑠𝑒𝑛𝑠 − (1 - spec)

Positive likelihood rations

𝐿𝑅(+) =

𝑠𝑒𝑛𝑠
1 − 𝑠𝑝𝑒𝑐

Negative likelihood rations

𝐿𝑅(−) =

1 − 𝑠𝑒𝑛𝑠
𝑠𝑝𝑒𝑐

Measures the proportion
of correctly assigned
negative samples and
their value ranges from 0
to 1.
Assesses the ability of the
classifier
to
avoid
failures.
Represents
the
ratio
between the probability
of predicting a sample as
positive when it is truly
positive
and
the
probability of predicting
one as positive when it is
not positive.
Represents
the
ratio
between the probability
of predicting a sample as
negative when it is
positive
and
the
probability of predicting
a sample as negative
when it is truly negative.

Software
MATLAB R2012b software (Math-works, Natick, USA) was used. Data were
imported into MATLAB, pre-treated and then the chemometric classification models were
constructed. A cut between 900 and 1800 cmˉ¹ to use only the fingerprint region (235
wavenumbers at 4 cmˉ¹ spectral resolution), baseline correction (Baseline – Automatic
Whittaker Filter) and Savitzky-Golay smoothing (window 15 points) were used for preprocessing. The samples were divided into training set (60% of samples) , validation set (20%
of samples) and prediction set (20% of samples) for both models (SPA-LDA and GA-LDA)
by implementing the classic Kennard-Stone uniform sampling algorithm.27
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Results and Discussion
Figure 1 shows cut and pre-processed spectra for 5 classes in serum [10 samples of
non-infected serum and 10 samples of infected serum for each of the four serotypes, totaling
50 spectra (figure 1a)], and in blood [10 samples of non-infected blood and 10 samples of
infected blood for each of the four serotypes, also totaling 50 spectra (Figure 1b)]. As can be
seen, the spectra are very identical (overlapping bands), which makes it impossible to
differentiate classes solely by spectral observation. We used the SPA-LDA and GA-LDA
classification algorithms for this again.
Figure 1: Pre-processed spectra (cut between 900 and 1800 cmˉ¹, baseline correction and
smoothing) for: (A) serum contaminated with DENV-1 (0.33 PFU/mL), DENV-2 (5.9 × 10²
PFU/mL), DENV-3 (10² PFU/mL), DENV-4 (10² PFU/mL) and uncontaminated serum; (B)
blood contaminated with DENV-1 (0.33 PFU/mL), DENV-2 (5.9 × 10² PFU/mL), DENV-3
(10² PFU/mL), DENV-4 (10² PFU/mL) and uncontaminated blood.
A

B
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In Table 3 we can see the variables selected by SPA-LDA for the serum samples (25
wavenumbers were selected) and the variables selected by SPA-LDA for blood samples (25
wavenumbers were also selected). With these selected wavenumbers, the Fisher scores were
calculated for both cases, as can be seen in Figure 2. Figure 2a and 2b show the Fisher scores
for the serum and blood samples, respectively. As can be seen, for both cases, Fisher scores
have a tendency to segregate samples of the same class into specific regions of the twodimensional space. This gives us an indication that the model is effective in identifying and
differentiating infected samples from non-infected samples and still recognizes the serotype.

Table 3: Selected variables by SPA-LDA for serum diagnosis (above) and blood diagnosis
(below).
Chemometric
analysis

Wavenumber selected (cmˉ¹)

SPA-LDA for
serum diagnosis

901 945 984 1034 1049 1097 1115 1161
1190 1273 1294 1317 1338 1358 1418
1433 1456 1489 1524 1554 1578 1632
1684 1715 1799

SPA-LDA for
blood diagnosis

918 932 955 978 991 1020 1034
1105 1134 1190 1227 1275 1315
1439 1491 1512 1541 1576 1624
1674 1722 1790

1051
1375
1653
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Figure 2: DF1 x DF2 discriminant function values calculated with the variables selected by
SPA-LDA for: (A) •DENV-1 in serum (0.33 PFU/mL), •DENV-2 in serum (5.9 x 10³
PFU/mL), •DENV-3 in serum (10⁴ PFU/mL), •DENV-4 in serum (10³ PFU/mL) and
•Negative serum; (B) •DENV-1 in blood (0.33 PFU/mL), •DENV-2 in blood (5.9 x 10³
PFU/mL), •DENV-3 in blood (10⁴ PFU/mL), •DENV-4 in blood (10³ PFU/mL) and
•Negative blood.
A

B

According to the variables selected by SPA-LDA for serum samples (Table 3)
biochemical changes that appear to differentiate classes are related to RNA (~ 1080 cmˉ¹) and
protein structure (Amide II, ~ 1550 cmˉ¹; Amide III, ~ 1260 cmˉ¹) vibrations. For the selected
variables of the blood samples on the other hand, the main discriminating biochemical
changes of the classes may be related to RNA (~ 1225 cmˉ¹) and protein structures (Amide I,
~ 1650 cmˉ¹; Amide II, ~ 1550 cmˉ¹; Amide III, ~ 1260 cmˉ¹). The assignment of major
differences between classes to RNA structures makes sense since the major differences
between one serotype and another are in RNA, and in healthy samples this RNA is not
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present. On the other hand, the discriminants attributed to proteins may be related to the
nucleocapsid of the virus, which is formed by protein.4–11 These structures are not present in
healthy samples, so they are structures with discriminant potential.
In Table 4 we can see the variables selected by GA-LDA for the two cases studied.
Fourteen (14) wave numbers were selected for the serum samples and 24 wave numbers were
selected for the blood samples. Fisher scores were calculated for both cases with these
selected variables (Figure 3). As can be seen, Fisher scores also show a good ability to
segregate classes. This gives us an indication that the model is efficient in recognizing and
differentiating the samples.

Table 4: Selected variables by GA-LDA for serum diagnosis (above) and blood diagnosis
(below).
Chemometric
analysis

Wavenumber selected (cmˉ¹)

GA-LDA for
serum diagnosis

924 964 1001 1132 1238 1329 1526
1581 1583 1616 1630 1661 1718 1743

GA-LDA for
blood diagnosis

922
1323
1587
1724

955
1365
1595
1742

1094 1097 1105 1223 1304
1375 1437 1452 1537 1539
1616 1664 1701 1707 1711
1774
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Figure 3: DF1 x DF2 discriminant function values calculated with the variables selected by
GA-LDA for: (a) •DENV-1 in serum (0.33 PFU/mL), •DENV-2 in serum (5.9 x 10³
PFU/mL), •DENV-3 in serum (10⁴ PFU/mL), •DENV-4 in serum (10³ PFU/mL) and
•Negative serum; (b) •DENV-1 in blood (0.33 PFU/mL), •DENV-2 in blood (5.9 x 10³
PFU/mL), •DENV-3 in blood (10⁴ PFU/mL), •DENV-4 in blood (10³ PFU/mL) and
•Negative blood.
A

B

In analyzing the wavenumbers selected by GA-LDA for serum diagnosis, it is noted
that the main biochemical changes between classes are related to RNA (~ 1225 cmˉ¹), Amide
I protein (~ 1650 cmˉ¹) and lipid (~ 1750 cmˉ¹) vibrations. On the other hand, when analyzing
the wavenumbers selected for blood diagnosis, we observed that the main alterations that
discriminate the classes are also related to RNA (~ 1225 cmˉ¹, ~ 1080 cmˉ¹), protein
structures (Amide I, ~ 1650 cmˉ¹, Amide II, ~ 1550 cmˉ¹) and lipid (~ 1750 cmˉ¹) vibrations.
As in the case of SPA-LDA, these assignments can be interpreted by analyzing the structure
of the virus. The major differences between one serotype and another are in RNA, and in
healthy samples this RNA is not present. Hence the differences between classes assigned to
RNA structures. In the case of the structures of proteins and lipids, we have that they form the
nucleocapsid and viral envelope, respectively.4–11 Therefore, these structures are not present
in healthy samples.
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The efficiency of the models was tested and can be observed through the merit figure
values shown in Table 5 (Table 5a for diagnosis in serum and Table 5b for diagnosis in
blood). As can be seen in Table 5a, SPA-LDA model achieved maximum efficiency values in
identifying and discriminating serum samples infected with dengue virus from non-infected
serum samples, including the specific serotype. In other words, the model in this case was
able to correctly diagnose all the samples provided, obtaining 100% sensitivity and
specificity. In the case of the GA-LDA model, the merit figures show that it obtained
maximum efficiency when it came to serum samples infected with DENV-3 and DENV-4 and
non-infected serum samples, obtaining 100% sensitivity and specificity in these cases.
However, when dealing with serum samples infected with DENV-1 and DENV-2, the GALDA missed prediction of half the samples (obtaining 50% sensitivity), but was able to
predict the true class when it was purposely informed to be another class (achieving 100%
specificity). Figures of merit for blood diagnosis can be seen in Table 5b. As shown, in the
case of the SPA-LDA model, the figures of merit values show excellent classification of
blood samples infected with DENV-2, DENV-3, DENV-4 and non-infected blood samples
(obtaining 100% sensitivity and specificity), but missed prediction on half of the blood
samples infected with DENV-1, only obtaining 50% sensitivity and specificity. In the case of
the GA-LDA model, the classification was not as efficient as SPA-LDA. GA-LDA obtained
maximum classification results only for blood samples infected with DENV-2 and DENV-4,
with 100% sensitivity and specificity for these cases. On the other hand, for the classes of
blood infected with DENV-1 and DENV-3, and for the non-infected blood samples, the GALDA model wrongly predicted the classes for half of the samples supplied, obtaining 50%
sensitivity, but was able to predict the correct class for all these samples when the wrong
classes were purposely provided.
In general, it was observed that the diagnosis of dengue virus presence in serum
samples was successfully performed for the SPA-LDA and GA-LDA models, with SPA-LDA
obtaining maximum values of classification quality. The SPA-LDA and GA-LDA models
have also obtained results that can be considered as encouraging for diagnosing the blood
samples. This demonstrates that ATR-FTIR in conjunction with powerful chemometric
classification tools has great potential in identifying and discriminating serum or blood
samples infected with dengue virus from non-infected samples, showing that these techniques
may be used as powerful methods of rapid, non-destructive clinical diagnosis in the near
future.

73

Table 5: Performance measurements of SPA-LDA and GA-LDA for: (A) diagnosing dengue
in serum; (B) diagnosing dengue in blood.
A
Figures of merit

SPA-LDA

GA-LDA

Sensitivity (%)

100.0

50.0

Specificity (%)

100.0

100.0

Positive predictive values (PPV)

100.0

100.0

Negative predictive values (NPV)

100.0

66.6

Youden index (YOU)

100.0

50.0

Positive likelihood ratios (LR+)

0.0

0.0

Negative likelihood ratios (LR-)

0.0

0.5

Sensitivity (%)

100.0

50.0

Specificity (%)

100.0

100.0

Positive predictive values (PPV)

100.0

100.0

Negative predictive values (NPV)

100.0

66.6

Youden index (YOU)

100.0

50.0

Positive likelihood ratios (LR+)

0.0

0.0

Negative likelihood ratios (LR-)

0.0

0.5

Sensitivity (%)

100.0

100.0

Specificity (%)

100.0

100.0

Positive predictive values (PPV)

100.0

100.0

Negative predictive values (NPV)

100.0

100.0

Youden index (YOU)

100.0

100.0

Positive likelihood ratios (LR+)

0.0

0.0

Negative likelihood ratios (LR-)

0.0

0.0

Serum with DENV-1

Serum with DENV-2

Serum with DENV-3

Serum with DENV-4
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Sensitivity (%)

100.0

100.0

Specificity (%)

100.0

100.0

Positive predictive values (PPV)

100.0

100.0

Negative predictive values (NPV)

100.0

100.0

Youden index (YOU)

100.0

100.0

Positive likelihood ratios (LR+)

0.0

0.0

Negative likelihood ratios (LR-)

0.0

0.0

Sensitivity (%)

100.0

100.0

Specificity (%)

100.0

100.0

Positive predictive values (PPV)

100.0

100.0

Negative predictive values (NPV)

100.0

100.0

Youden index (YOU)

100.0

100.0

Positive likelihood ratios (LR+)

0.0

0.0

Negative likelihood ratios (LR-)

0.0

0.0

SPA-LDA

GA-LDA

Sensitivity (%)

50.0

50.0

Specificity (%)

50.0

100.0

Positive predictive values (PPV)

50.0

100.0

Negative predictive values (NPV)

50.0

66.6

Youden index (YOU)

0.0

50.0

Positive likelihood ratios (LR+)

1.0

0.0

Negative likelihood ratios (LR-)

1.0

0.5

Sensitivity (%)

100.0

100.0

Specificity (%)

100.0

100.0

Negative serum

B
Figures of merit
Blood with DENV-1

Blood with DENV-2
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Positive predictive values (PPV)

100.0

100.0

Negative predictive values (NPV)

100.0

100.0

Youden index (YOU)

100.0

100.0

Positive likelihood ratios (LR+)

0.0

0.0

Negative likelihood ratios (LR-)

0.0

0.0

Sensitivity (%)

100.0

50.0

Specificity (%)

100.0

100.0

Positive predictive values (PPV)

100.0

100.0

Negative predictive values (NPV)

100.0

66.6

Youden index (YOU)

100.0

50.0

Positive likelihood ratios (LR+)

0.0

0.0

Negative likelihood ratios (LR-)

0.0

0.5

Sensitivity (%)

100.0

100.0

Specificity (%)

100.0

100.0

Positive predictive values (PPV)

100.0

100.0

Negative predictive values (NPV)

100.0

100.0

Youden index (YOU)

100.0

100.0

Positive likelihood ratios (LR+)

0.0

0.0

Negative likelihood ratios (LR-)

0.0

0.0

Sensitivity (%)

100.0

50.0

Specificity (%)

100.0

100.0

Positive predictive values (PPV)

100.0

100.0

Negative predictive values (NPV)

100.0

66.6

Youden index (YOU)

100.0

50.0

Positive likelihood ratios (LR+)

0.0

0.0

Negative likelihood ratios (LR-)

0.0

0.5

Blood with DENV-3

Blood with DENV-4

Negative blood
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Conclusions
The results of this study show that ATR-FTIR in conjunction with the SPA-LDA and
GA-LDA classification tools is a powerful technique in diagnosing dengue. This technique is
fast, non-destructive to the sample and has several other advantages compared to the standard
techniques used in clinical diagnosis. In this study, we observed excellent efficiency in the
algorithms for providing a reliable diagnosis based on selection of variables or biomarkers for
IR spectral data. These results allow us to state that the use of biospectroscopic techniques
coupled with multivariate classification techniques can be studied as tools for clinical
diagnosis, and tools based on samples interacting with radiation can be used in clinical
diagnostic routines in the near future, providing quick results with easy procedures. The
results presented in this study are very promising, however, studies with a larger number of
samples should be performed for a more representative validation of the method.
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ATR-FTIR spectroscopy with chemometric
algorithms of multivariate classiﬁcation in the
discrimination between healthy vs. dengue vs.
chikungunya vs. zika clinical samples†
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Dengue, zika and chikungunya are arboviruses transmitted by mosquitoes of genus Aedes. In clinical
diagnostic routines, cross reactions between dengue and zika may occur because they are viruses of the
same family (Flaviviridae); on the other hand, chikungunya is an alphavirus. In this study we suggest the
use of FTIR spectroscopy in conjunction with PCA-LDA, SPA-LDA and GA-LDA multivariate classiﬁcation
algorithms as a tool sensitive to biochemical variations caused by the presence of diﬀerent viruses in the
blood. We used 45 blood samples from patients diagnosed with dengue, 30 blood samples from patients
diagnosed with zika, 10 samples from patients diagnosed with chikungunya and 45 blood samples from
people without these viruses. The objective of the study was to evaluate, mainly, the speciﬁcity of the
technique in discriminating the blood samples based only on the presence or absence of diﬀerent
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viruses and to compare it with some standard diagnostic methods. The results showed sensitivity and

DOI: 10.1039/c7ay02784b

speciﬁcity values of 100% for the healthy, dengue and chikungunya classes and values close to 90% for
zika, suggesting that spectroscopic techniques have great potential for detecting the biochemical
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variations that the presence of the virus causes in the blood, through a fast methodology.

Introduction
Dengue, zika and chikungunya are viruses that can be transmitted by mosquitoes of genus Aedes. From January 2012 to the
end of 2014 the Pacic faced a large burden of mosquito-borne
diseases due to outbreaks of infections with these viruses. In
this period more than 120 000 cases of infection by one of these
viruses have been reported (a smaller number than the real one,
since several cases were not reported).1 The clinical manifestations presented by patients infected by one of these three
viruses are very similar. Aer the incubation period the patient
usually develops fever, myalgia, arthralgia, headache, and
rashes, and conjunctivitis may also appear.2–4
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A constant problem in the clinical diagnostic routines
involves the dengue and zika viruses: since these viruses are
from the same family (Flaviviridae), their surface proteins are
similar, especially those that constitute their envelope structure. So when the patient's immune system creates a response
based on these surface proteins, the same antibody that
recognizes the dengue proteins can interact with zika proteins.
In these cases, the antibody to one virus will react to the other
virus. This is what we call a cross reaction, resulting in a false
positive result.3 In addition, study results suggest that antidengue antibodies may enhance zika virus replication and
that zika virus antibodies have the ability to enhance dengue
virus infections.3–5
Biospectroscopy is the use of spectroscopic techniques in the
analysis of biological samples. Several studies have been carried
out using spectroscopy in the eld of virology, presenting
encouraging results, which demonstrate the potential of this
approach.6–13 ATR-FTIR spectroscopy is a technique that uses
a crystal (diamond, for example) of size 250 mm  250 mm,
which is in contact with the analyzed sample. Then a beam of IR
radiation is passed through this crystal, where it is fully reected internally, without refraction occurring. The reection
generates an evanescent wave that penetrates the sample to
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a depth of a few micrometers. In this way, the sample absorbs IR
radiation, and this absorption is detectable, generating a characteristic spectrum of the sample.14,15 Chemical bonds with an
electric dipole moment that may change due to natural vibrations are said to be active in the IR region. These vibrational
modes can be measured quantitatively by IR spectroscopy,
allowing the study of the molecular composition of the sample
without disturbance.16 The infrared region of most interest in
biospectroscopy studies is in the mid-infrared (4000 to
400 cm1) region. The range between 1800 and 900 cm1 is
called the ngerprint region of biological samples, because in
this region, spectral bands related to phosphorylated proteins
(970 cm1), RNA/DNA (1080 cm1 and 1225 cm1),
carbohydrates (1155 cm1), Amide III, Amide II and Amide I of
proteins (1260 cm1, 1550 cm1 and 1650 cm1, respectively) and lipids (1750 cm1) are present.16–19
ATR-FTIR spectroscopy was used in conjunction with
multivariate classication techniques such as principal
component analysis with linear discriminant analysis (PCALDA), successive projection algorithm with linear discriminant analysis (SPA-LDA) and genetic algorithm with linear
discriminant analysis (GA-LDA) in determining the viral load of
dengue serotype 3 in serum and blood, demonstrating results of
100% sensitivity and specicity for the virus present in blood.20
There is no rapid diagnostic and sensitive technique that can
distinguish, in a single analysis, whether a sample is infected
with dengue, chikungunya or zika. Keeping this in mind, this
study uses FTIR with PCA-LDA, SPA-LDA and GA-LDA in classifying and discriminating between four classes. One class is
composed of spectra from the blood of patients diagnosed with
dengue, another class is composed of spectra of patients diagnosed with the zika virus, another class is composed of spectra
of patients diagnosed with the chikungunya virus, and yet
another class is composed of spectra obtained from blood
samples from healthy people (not infected with any of the three
viruses). Our objective was to evaluate whether the technique is
sensitive to the point of not confusing the dengue virus with
chikungunya and, mainly, with zika, and to perform a diagnosis
among patients with dengue, chikungunya, and zika and those
who are healthy. The results of this study showed the potential
of this simple technique to yield fast results.

Biosecurity precautions
All procedures with dengue, zika and chikungunya viruses were
carried out in a level 2 biological safety laboratory. The methods
of decontamination and sterilization of materials and equipment followed the guidelines of the Laboratory Biosafety
Manual of the World Health Organization.

Materials and methods
Blood samples from patients diagnosed with the dengue, zika
or chikungunya virus and healthy people
Blood samples from people diagnosed with dengue, zika or
chikungunya were kindly provided by the Laboratory of
Molecular Biology for Infectious Diseases and Cancer,

Anal. Methods

Technical Note

Department of Microbiology and Parasitology, Federal University of Rio Grande do Norte and by several public health units in
Rio Grande do Norte, Brazil. The patients included in this study
had acute febrile illness with clinical manifestations compatible with dengue, zika or chikungunya infection. Viral infection
was conrmed by a nested Reverse Transcriptase PCR (RT-PCR)
assay. Aer conrmation, the samples were stored at 80  C
until spectral acquisitions, without any kind of preparation.
Blood samples from healthy people were kindly provided by the
Unidade de Pronto Atendimento – UPA – Pajuçara (a public
health unit in the city of Natal-RN, Brazil). The absence of
dengue, zika and chikungunya was conrmed by a nested
Reverse Transcriptase PCR (RT-PCR) assay. Aer conrmation,
the samples were stored at 80  C until spectral acquisitions,
without any kind of preparation. This study was submitted
to and approved by the Research Ethics Committee of the
Federal University of Rio Grande do Norte (CAAE:
51057015.5.0000.5537).
RNA extraction and nested reverse transcriptase PCR (RTPCR) assay
Viral RNA for the RT-PCR assay was extracted using a QIAamp
viral RNA Mini Kit (Qiagen, Valencia, CA, USA), in accordance
with the manufacturer's instructions. The nested reverse transcriptase PCR (RT-PCR) assay for detecting and typing the
dengue virus (DENV) was performed as described by Lanciotti
et al. (1992).21 Real-time RT-PCR (TaqMan System) was applied
for the detection of the zika virus (ZIKV) and chikungunya virus
(CHIKV), following the protocols described by Faye et al.
(2013)22 and Lanciotti et al. (2007)23, respectively.
Dataset
The dataset consists of 130 samples, 45 samples of patients with
DENV, 30 samples with zika, 10 samples with chikungunya, and
45 samples of blood from healthy people. For each sample, the
acquisition of 2 spectra was done, giving a total of 260 spectra.
ATR-FTIR spectroscopy
For the spectral acquisition a BRUKER FTIR model VERTEX 70
was used with a coupled ATR device. The spectra were obtained
in the range of 400 to 4000 cm1 with a resolution of 4 cm1, 16
scans and an acquisition time of 13 seconds per spectrum. The
ATR-FTIR was in a room with air conditioning at 22  C, and the
samples were allowed to equilibrate at this temperature. Air was
used as the background. For spectral acquisition, 3 mL of
sample was added to the ATR crystal shortly aer the acquisition of the background. A piece of foil was placed on the sample
in light of the results of Cui et al. (2016), which showed that
aluminum foil is an appropriate substrate for ATR-FTIR analyses of biological species because it does not interfere with the
spectrum, does not alter important biochemical ngerprint
information, and is inexpensive.24 At each acquisition, the
crystal was washed with alcohol (70% v/v) and dried with
a paper towel. Aer each crystal cleaning, a spectrum was
collected with the last background as the reference to make sure
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that the crystal was cleaned properly. BRUKER OPUS soware
was used to convert the spectra into absorbance.

Published on 03 January 2018. Downloaded by Universidade Federal do Rio Grande do Norte on 30/01/2018 16:57:36.

Soware
The data were imported into MATLAB R2012b (Math-works,
Natick, USA), where they were pre-treated and the
multivariate classication models were applied. As pretreatment, a spectral cut between 1800 and 900 cm1 (the spectral
resolution was 4 cm1, with a total of 225 wavenumbers),
correction of baseline (baseline – automatic Whittaker
lter) and Savitzky–Golay smoothing (15 point window)
were performed.25 The classic Kennard–Stone26 uniform
sampling algorithm was applied separately in each class in the
selection of 60% of the samples for the training set
(156 samples) and 20% for the validation set (52 samples).
External samples were also used in the prediction set [a number
of samples relative to 20% of the total samples used in this
study (52 samples)].

Multivariate analysis techniques
The chemometric methods of multivariate analysis used in this
study were PCA-LDA, SPA-LDA and GA-LDA. These techniques
have been widely used in biospectroscopic studies, demonstrating encouraging results.20,27–30 The description of these
methods can be found in the ESI.†

Results and discussion
In Fig. 1 we can see the average of the spectra of the four classes
cut between 1800 and 900 cm1, before and aer the preprocessing (baseline – automatic Whittaker lter, and
Savitzky–Golay smoothing – 15 point window). For the diﬀerentiation, it is necessary to use tools capable of mathematically
nding characteristics that discriminate one class from
another. For this, we made use of the algorithms PCA-LDA, SPALDA and GA-LDA in the work of discrimination and classication of the samples. The models were applied to classify the
blood samples as healthy (for blood samples from people not
infected by any of these viruses), dengue (for blood samples
from patients diagnosed with dengue), zika (for blood samples
from patients diagnosed with zika) and chikungunya (for blood
samples from patients diagnosed with Chikungunya). The
results are discussed below.
PCA-LDA
In this study 3 principal components were used (3 PCs, 95% of
variance explained). Based on the information contained in
these 3 PCs, LDA was applied in the work of discrimination of
the four classes, obtaining 100% sensitivity and specicity
results for the healthy, dengue and chikungunya classes and
92% for the zika class.
SPA-LDA

Performance evaluation
The performance of the classication was evaluated based on
the gures of merit of sensitivity (eqn (1)) and specicity (eqn
(2))
sensð%Þ ¼

TP
 100
TP þ FN

(1)

specð%Þ ¼

TN
 100
TN þ FP

(2)

where TP is true positive, FP is false positive, TN is true negative
and FN is false negative.

SPA-LDA selected only 4 variables as the best discriminants
among the classes (Table 1). The graph with the selected variables marked in the average of the spectra can be seen in Fig. 2.
When analyzing the selected variables we can conclude that the
main biochemical alteration that is discriminant between
classes, according to SPA-LDA, is related to protein Amide II
(z1641 cm1). This assignment makes sense since, as they are
dealing with diﬀerent viruses, they have diﬀerent proteins (even
in the case of dengue and zika, which are from the same family,
their proteins resemble each other but are not identical) and in
the case of samples from healthy people, these virus-related
proteins are not present.

Fig. 1 Average of the spectra of the three classes cut between 1800 and 900 cm1, before and after the pre-processing (baseline – automatic
Whittaker ﬁlter, and Savitzky–Golay smoothing – 15 point window).
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Variables selected by SPA-LDA and GA-LDA to obtain
discrimination between blood samples from patients diagnosed with
dengue, chikungunya, and zika and blood samples from healthy
individuals
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Table 1

Chemometric
analysis
Wavenumbers selected (cm1)
SPA-LDA
GA-LDA

1356, 1541, 1632, and 1794
920, 939, 947, 949, 957, 970, 980, 989, 999, 1005, 1009,
1026, 1063, 1119, 1134, 1153, 1167, 1202, 1205, 1283,
1294, 1296, 1298, 1317, 1340, 1352, 1362, 1364, 1371,
1383, 1416, 1423, 1441, 1472, 1510, 1524, 1539, 1543,
1551, 1560, 1574, 1587, 1599, 1605, 1607, 1647, 1684,
1707, 1718, 1722, 1734, 1736, 1743, 1763, 1776, and 1788

Based on the 4 selected variables, LDA was applied in the
work of discrimination of the four classes, obtaining 100%
sensitivity and specicity results for the healthy, dengue and
chikungunya classes and 92% for the zika class, as in the case of
PCA-LDA.

Technical Note

GA-LDA
For GA-LDA, 56 variables were selected (Table 1). The graph with
the selected variables marked in the average of the spectra can be
seen in Fig. 3. Analyzing the selected wavenumbers, we conclude
that GA-LDA attributed the main discriminants between the
classes to phosphodiester groups of nucleic acids (z1063 cm1);
Amide I (z1647 cm1); and Amide II (z1551 cm1). Since the
classes are composed of dengue, chikungunya, zika and samples
without these viruses, it makes sense to attribute discrimination
to structures of proteins and nucleic acids since diﬀerent viruses
have diﬀerent proteins and diﬀerent nucleic acids, and samples
from healthy people do not have the viral proteins.
Based on the 56 variables selected by GA, LDA was applied in
the work of discrimination of the four classes, obtaining 100%
sensitivity and specicity results for the healthy, dengue and
chikungunya classes, and 92% sensitivity and 86% specicity
for the zika class. The values of sensitivity and specicity
obtained using the models for the four classes are summarized
in Fig. 4.

Fig. 2

Graph of the variables selected by SPA-LDA marked in the average spectrum of all classes.

Fig. 3

Graph of the variables selected by GA-LDA marked in the average spectrum of all classes.
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classication errors associated with zika or dengue were already
expected. However, the results found here demonstrate that this
technique has the potential to provide more specic and faster
results than rapid diagnostic methods. Table 2 shows the
number of incorrect samples for each class, obtained using
each of the 3 models used in this study.
PCA-LDA is a widely used technique in studies with multivariate analysis and has the most proven utility when compared
to SPA-LDA and GA-LDA. However, we can conclude by
analyzing the obtained values of sensitivity and specicity
(Fig. 4a and b) and the information in Table 2 that the results
obtained using both models are very similar. PCA-LDA bases its
results on a smaller data reduction. In other words, it uses more
spectral information to achieve its results. On the other hand,
SPA-LDA and GA-LDA are based on the reduction of variables
caused by the selection of wavenumbers. PCA-LDA can be
considered the best model because it is more robust and uses
more spectral information. Both SPA-LDA and GA-LDA may
appear better because they use only a few wavenumbers to
achieve the same results. The fact is that both models have
achieved encouraging results, and can be very useful in future
diagnostic routines.

Conclusion

Fig. 4 Values of (a) sensitivity and (b) speciﬁcity, obtained by PCALDA, SPA-LDA and GA-LDA in the discrimination between healthy vs.
dengue vs. chikungunya vs. zika classes.

The results of sensitivity and specicity presented by the
technique are high when compared to the diagnostic methods
known as indirect methods, considered to be of low specicity
(such as methods for detecting antibodies specic to each
virus).31 The small classication errors found for the zika virus
were already expected. As indirect methods have high indexes of
false positive results associated with zika and dengue (because
of the similarity between these viruses of the same family),

Table 2

Number of incorrect samples for each class

Models

Number of incorrect samples

PCA-LDA

Healthy – 0
Dengue – 0
Chikungunya – 0
Zika – 1
Healthy – 0
Dengue – 0
Chikungunya – 0
Zika – 1
Healthy – 0
Dengue – 0
Chikungunya – 0
Zika – 1

SPA-LDA

GA-LDA

This journal is © The Royal Society of Chemistry 2018

Rapid diagnosis of a viral disease is always important. In clinical diagnostic routines, many of the techniques used are poorly
sensitive and may provide false positive results for viruses from
the same family (dengue and zika, for example). This study
demonstrated that ATR-FTIR spectroscopy in conjunction with
multivariate analysis techniques PCA-LDA, SPA-LDA and GALDA is able to discriminate between blood samples with
dengue, zika, and chikungunya viruses and samples from
healthy people, with a low number of false positive results only
for zika. PCA-LDA, SPA-LDA and GA-LDA obtained similar
results and proved to be useful in this diagnostic work. PCALDA is a more robust model and uses more information. On
the other hand, SPA-LDA and GA-LDA are models that cause
a greater reduction of data, and less robust. However, the results
obtained were similar (with GA-LDA being slightly less eﬃcient). These results suggest that biospectroscopy and chemometrics should be better investigated in the eld of virology
because they serve as tools that are sensitive to biochemical
variations caused by viruses and may in the future be very useful
in this eld of science.
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K. M. G. Lima, RSC Adv., 2017, 7, 25640–25649.
R. S. Lanciotti, C. H. Calisher, D. J. Gubler, G. J. Chang and
A. V. Vorndam, J. Clin. Microbiol., 1992, 30, 545–551.
O. Faye, O. Faye, D. Diallo, M. Diallo, M. Weidmann and
A. A. Sall, Virol. J., 2013, 10, 311–318.
R. S. Lanciotti, O. L. Kosoy, J. J. Laven, A. J. Panella,
J. O. Velez, A. J. Lambert and G. L. Campbell, Infect. Dis.,
2007, 13, 764–767.
L. Cui, H. J. Butler, P. L. Martin-Hirschb and F. L. Martin,
Anal. Methods, 2016, 8, 481–487.
H. J. Byrne, P. Knief, M. E. Keatingac and F. Bonnier, Chem.
Soc. Rev., 2016, 45, 1865–1878.
R. W. Kennard and L. A. Stone, Technometrics, 1969, 11, 137–
148.
F. S. L. Costa, P. P. Silva, C. L. M. Morais, T. D. Arantes,
E. P. Milan, R. C. Theodoro and K. M. G. Lima, Anal.
Methods, 2016, 8, 7107–7115.
T. C. Baia, R. A. Gama, L. A. S. Lima and K. M. G. Lima, Anal.
Methods, 2016, 8, 968.
A. S. Marques, M. C. N. Melo, T. A. Cidral and K. M. G. Lima,
J. Microbiol. Methods, 2014, 98, 26–30.
A. S. Marques, E. P. Moraes, M. A. A. Júnior, A. D. Moura,
V. F. A. Neto, R. M. Neto and K. M. G. Lima, Talanta, 2015,
134, 126–131.
R. W. Peeling, H. Artsob, J. L. Pelegrino, P. Buchy,
M. J. Cardosa, S. Devi, D. A. Enria, J. Farrar, D. J. Gubler,
M. G. Guzman, S. B. Halstead, E. Hunsperger, S. Kliks,
H. S. Margolis, C. M. Nathanson, V. C. Nguyen, N. Rizzo,
S. Vázquez and S. Yoksan, Nat. Rev. Microbiol., 2010, 8,
S30–S37.

This journal is © The Royal Society of Chemistry 2018

85

86

___
CHAPTER 6

_________
GENERAL CONCLUSIONS AND PERSPECTIVES

1. CONCLUSIONS………………………….…………………….86
2. FINANCIAL VIABILITY……………………………………...88
3. PERSPECTIVES………………………..………………………88

1. CONCLUSIONS
Dengue, Zika and Chikungunya are arboviruses, viruses transmitted by arthropods, in
this case, mosquitoes of the genus Aedes. Dengue is the arbovirus that infects more people in
the world. This virus, considered the most important arbovirus in the world, has never been
studied using the ATR-FTIR spectroscopic technique in conjunction with multivariate
classification techniques such as PCA-LDA, SPA-LDA and GA-LDA. The studies presented
here demonstrated the usefulness of biospectroscopy in the identification of biochemical
variations caused by the presence of dengue virus in blood and serum. The potential of the
technique in classifying samples based on different Denv-3 viral loads, as well as different
Denv serotypes, has been demonstrated.
The ability of the technique to provide a diagnosis among samples of dengue, zika and
chikungunya patients was also evaluated, where encouraging results were observed. This
means a great finding from the point of view of virological diagnoses. Countries that are
widely affected by these arboviruses (such as Brazil) have made great efforts in trying to
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develop a technique that can provide, in a single analysis, a precise diagnosis that
discriminates between Dengue, Zika and Chikungunya. The results demonstrated here suggest
that biospectroscopy has a great potential to be the answer to these efforts.
Finally, we can conclude that biospectroscopy coupled with multivariate analysis
techniques should be more investigated in the field of virology, because they have
characteristics that make them of great value and great potential to be used in clinical
diagnostic routines. In addition, studies with a larger set of samples should be performed in
order to validate these results.
Figure 6.1 shows the mean values of sensitivity and specificity obtained by PCALDA, SPA-LDA and GA-LDA in the studies performed in chapters 3, 4 and 5 of this
dissertation. At the level of comparison, widely used techniques of rapid diagnosis based on
IgM were evaluated in an article published in Nature Reviews¹ showing sensitivity between
21% and 99%, and specificity between 77% and 98%. Comparing these values, we can say
that our methodology showed excellent results.
Figure 6.1 - Sensitivity and specificities values obtained by the arithmetic mean of the
sensitivity and specificity results achieved in the studies of chapters 3, 4 and 5. Comparing the
models, the SPA seemed to maintain a better quality standard.

¹R. W. Peeling, H. Artsob, J. L. Pelegrino, P. Buchy, M. J. Cardosa, S. Devi, D. A. Enria, J. Farrar, D. J. Gubler, M. G. Guzman, S. B.
Halstead, E. Hunsperger, S. Kliks, H. S. Margolis, C. M. Nathanson, V. C. Nguyen, N. Rizzo, S. V´azquez and S. Yoksan, Nat. Rev.
Microbiol., 2010, 8, S30–S37.
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2. FINANCIAL VIABILITY
Considering the standard techniques used in the diagnosis of these viruses, we have
that they all need the purchase of specific reagents or kits for each virus. This makes the
technique expensive, especially considering endemic regions where there is a high demand for
cases of infections. With this in mind, we can say that the ATR-FTIR technique is more
viable than standard techniques, since it does not require the purchase of reagents or
diagnostic kits.

3. PERSPECTIVES
In science, especially in the areas of diagnostic development, any advance is always
important. The study of the behavior of biological samples when interrogated with radiation
has been widely carried out in several fields. Biospectroscopy is the use of spectroscopic tools
with biological purposes, and its potential in the identification and typing of arboviruses
Dengue, Zika and Chikungunya has been demonstrated. The findings reported in this
dissertation allow us to think that, in the future, portable spectroscopic tools can be used in
clinical diagnostic routines, either as a screening step or as a fast and reliable diagnosis, where
with a minimum amount of blood (3 - 4uL) and with a rapid analysis (about 13 seconds per
spectrum), the patient with arbovirus symptoms could be reliably diagnosed if he or she is
suffering from Dengue, Zika or Chikungunya, which would represent a major advance in the
field of clinical diagnoses for arboviruses.
The prospect is that, in the future, the patient may arrive with symptoms of arbovirus
at a clinic, a minimal amount of blood is collected and the spectral acquisition of this sample
is made, where the FTIR then sends the collected information to a computer with software
that automatically performs multivariate analysis and provides a response on which arbovirus
is responsible for the infection. This would mean a huge gain in the field of virology and that
is what we are looking for. For this, more research needs to be done. But, answering the
question at the beginning of this dissertation: "Is it possible to use spectroscopy to diagnose
viruses? YES! And that's our perspective!"

