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RESUMO 
 

ESPECTROSCOPIA E CROMATOGRAFIA LÍQUIDA COM 

ESPECTROMETRIA DE MASSA ASSOCIADAS À QUIMIOMETRIA NA 

CLASSIFICAÇÃO E AVALIAÇÃO DE PERFIL LIPIDÔMICO DE CLASSES 

BACTERIANAS. 

Esta tese de doutorado é um aporte teórico-prática para o desenvolvimento de 
estudos que utilizem a bioanalítica, particulamente materiais biológicos 
provenientes de bactérias, podendo estes ser isolados, DNA, entre outros, em 
conjunto com ferramentas quimiométicas de análise. Para isso, buscou-se 
identificar diferenças bacterianas quando submetidas a  uma fonte de estresse a 
partir de diferentes técnicas analíticas. A primeira abordagem foi realizada 
partindo da bioespectroscopia, utilizando-se de dados espectroscópicos obtidos 
na região do infravermelho. A bioespectroscopia na região do infravermelho é 
descrita como uma técnica não invasiva, de alto rendimento, baixo custo (quando 
comparado com técnica padrões de análise) e objetivas, e que possui um enorme 
potencial na análise de bactérias, complementando ou mesmo substituindo 
métodos de diagnóstico de doenças convencionalmente conduzidos por 
especialistas através de métodos padrões de análises de alto custo e que 
necessitam de reagentes específicos. Os dados obtidos a partir da 
bioespectroscopia em amostras bacterianas são complexos e apresentam 
muitas bandas de sobreposição sendo necessária a aplicação de ferramentas 
matemáticas para superar estas dificuldades. Para isso, algumas ferramentas 
matemáticas, como os métodos de seleção de variáveis, que utilizam a análise 
discriminante linear com Algoritmo de Projeção Sucessiva (SPA-LDA) e 
Algoritmo Genético (GA-LDA), geralmente são utilizadas com a finalidade de 
facilitando a extração de informações relevantes. A espectroscopia na região do 
infravermelho, em específico infravermelho próximo (NIR) e infravermelho com 
trasformata de Fourier e reflectância total atenuada (ATR-FTIR), em conjunto 
com métodos de seleção de variáveis (SPA-LDA e GA-LDA) foram utilizadas na 
discriminação de amostras de bactérias (Sthaphylococcus aureus, Klebsiella 
pneumoneae e Pseudomonas aeruginosa). Foram identificados prováveis 
biomarcadores como lipídeos e proteínas em ~1550 cm-1 e 1400 cm-1 e 
vibrações de DNA em ~1080 cm-1. Valores de sensibilidade de 75% e 95% para 
modelos de SPA-LDA e 100% e 93% para modelos GA-LDA foram encontrados. 
Com base nesses resultados, pode-se concluir que o SPA-LDA e GA-LDA em 
conjunto com a espectroscopia na região do infravermelho mostraram-se 
ferramentas eficientes melhorando o tempo e custo de diagnóstico possibilitando 
o tratamento mais rápido em relação aos métodos padrões de diagnóstico e, 
consequentemente, sendo possível evitar a evolução de uma possível infecção. 
A segunda abordagem foi avaliar possíveis mudanças no perfil lipidômico de 
bactérias resultante de sua exposição a uma fonte de estresse externa (Arsênio 
(III)), utilizando as cianobactérias Anabaena sp. e Planktothrix agardhii. Os dados 
foram obtidos a partir a Cromatografia Líquida- Espectrometria de Massas (LC-
MS) que por gerar uma matriz de dados muito extensa foi necessária a utilização 
de uma estratégia de seleção proposta recentemente, definida como ROI (do 
inglês regions of interests) que diminui significativamente o tamanho da matriz 
de dados obtidas por LC-MS. Resolução Multivariada de Curvas com Mínimos 
Quadrados 



Alternantes (MCR-ALS) foi utilizado como método de resolução das fontes de 
variação, recuperando as informações de seus componentes puros que se 
encontravam misturadas. As massas majoritárias encontradas, sendo algumas 
delas 766.54, 565.40 e 871.56 (m/z), determinam que as cianobactérias 
estudadas, ao serem submetidas a As(III), sofrem mudanças relacionadas a 
estruturas que compõem os processos fotossintéticos das mesmas. 

 
Palavras-chave: Bioespectroscopia. SPA-LDA. GA-LDA. NIR. ATR-FTIR. ROI. 

MCR-ALS. LC-MS. 



ABSTRACT 

 

SPECTROSCOPY AND LIQUID CHROMATOGRAPHY WITH 
SPECTROMETRY OF MASS ASSOCIATED TO CHEMOMETRY IN THE 
CLASSIFICATION AND EVALUATION OF LIPIDOMIC PROFILE OF 
BACTERIAL CLASSES. 

 

This doctoral thesis is a theoretical-practical contribution for the development of 
studies that use bioanalytical, particularly biological materials from bacteria, 
which can be isolated, DNA, among others, in conjunction with chemistry analysis 
tools. For this, it was sought to identify bacterial differences when submitted to a 
source of stress from different analytical techniques. The first approach was 
based on biospectroscopy, using spectroscopic data obtained in the infrared 
region. Biospectroscopy in the infrared region is described as a non-invasive, 
high-throughput, low-cost (when compared with standard analytical techniques) 
and objective techniques, and has a huge potential in the analysis of bacteria, 
complementing or even replacing diagnostic methods of diseases conventionally 
conducted by skilled persons by standard methods   of   expensive   analyzes   
and    requiring    specific    reagents.    The data obtained from biospectroscopy 
in bacterial samples are complex and have many overlapping bands and it is 
necessary to apply mathematical tools to overcome these difficulties. For this, 
some mathematical tools, such as variable selection methods, using Linear 
Discriminant Analysis with Successive Projection Algorithm (SPA-LDA) and 
Genetic Algorithm (GA-LDA), are generally used for the purpose of solving these 
data, facilitating the extraction of information. Infrared spectroscopy, in specific 
Near Infrared (NIR) and infrared spectroscopy with Fourier transform and 
Attenuated Total Reflectance (ATR- FTIR), in conjunction with variable selection 
methods (SPA-LDA and GA-LDA) was used in the discrimination of bacterial 
samples (Sthaphylococcus aureus, Klebsiella pneumoneae and
 Pseudomonas aeruginosa). Possible biomarkers such as 
lipids and proteins were identified at ~ 1550 cm -1 and 1400 cm -1 and DNA 
vibrations at ~ 1080 cm -1. Sensitivity values of 75% and 95% for SPA-LDA 
models and 100% and 93% for GA-LDA models were found. Based on these 
results, it can be concluded that the SPA-LDA and GA- LDA in conjunction with 
the infrared spectroscopy showed efficient tools improving the time and cost of 
diagnosis allowing the treatment faster than the standard methods of diagnosis, 
and consequently, it is possible to avoid the evolution  of a
  possible  infection. The second approach 

was to evaluate possible changes in the lipid profile of bacteria resulting from its 
exposure to an external stress source (Arsenic (III)), using the cyanobacteria 
Anabaena sp. and Planktothrix agardhii. The data were obtained from Liquid 
Chromatography-Mass Spectrometry (LC-MS), which, in order to generate a very 
extensive data matrix, required the use of a recent selection strategy, defined as 
ROI (regions of interest), which significantly decreased the Size of the data matrix 
obtained by LC-MS. Multivariate Curve Resolution - Alternating Least Squares 
(MCR-ALS) was used as a method to solve variation sources, retrieving the 
information of its pure components that were mixed. The majority masses found, 
such as 766.54, 565.40 and 871.56 (m/z), determine that the studied 
cyanobacteria, when subjected to As (III), undergo 



changes related to structures that make up the photosynthetic processes of the 
same. 

Keywords: Bioespectroscopy. SPA-LDA. GA-LDA. NIR. ATR-FTIR. ROI. MCR-
ALS. LC-MS 



ABREVIAÇÕES 
 
 

 

ALS Assimetric Least Squares 

ATR Atenuated total reflectance 

DNA Desoxyribonucleic acid 

FT Fourier-transform 

FTIR Fourier-transform infrared 

GA Genetic algoritmo 

IR Infrared 

KP Klebsiela pneumonieae 

KPC Klebsiela pneumonieae Carbapenemase 

LC-MS Líquid chromatography-mass spectrometry 

LDA Linear discriminant analysis 

MCR Multivariate curve resolution 

MS Mass spectrometry 

MSC Multiplicative signal correction 

NIR Near infrared 

PCA Principal componente analysis 

ROI Regions of interests 
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1. INTRODUÇÃO 

 
Esta tese de doutorado é um aporte teórico-prático para o desenvolvimento de 

estudos que utilizem a bioanalítica, particulamente materiais biológicos 

provenientes de bactérias, podendo estes ser isolados, DNA, entre outros, em 

conjunto com ferramentas quimiométicas de análise. Os trabalhos desenvolvidos 

incluem duas técnicas analíticas, a espectroscopia na região do infravermelho e a 

cromatografia líquida com espectrometria de massa. 

A primeira técnica utilizada foi a espectroscopia na região do infravermelho (IR), 

especificamente no infravermelho médio com reflexão total atenuada (ATR- FTIR) 

e infravermelho próximo (NIR) em conjunto com as técnicas de seleção de variáveis: 

algoritmo de projeção sucessiva e algoritmo genético, ambos com análise 

discriminante linear (SPA-LDA e GA-LDA), para avaliar a eficiência destes na 

distinção de amostras de bactérias patogênicas sensíveis e resistentes a 

antibióticos em sangue, isolado bacteriano e em seus constituintes (DNA). 

A segunda técnica analítica utilizada foi a cromatografia líquida acoplada com 

espectrometria de massa, utilizando uma estratégia de seleção de variáveis (ROI) 

e resolução multivariada de curvas com mínimos quadrados alternantes (MCR-

ALS) para determinar variações no perfil lipidômico em 
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amostras de bactérias ambientais quando submetidas ao estresse de um 

agente externo. 

 

1.1. BACTÉRIAS PATOGÊNICAS E RESISTÊNCIA 

BACTERIANA________ 

 
        Definem-se patogênicas, aquelas bactérias que são passíveis a 

causar doenças infecciosas, tais como tuberculose, pneumonia, meningite, 

dentre outras. [1] De acordo com classificação da Anvisa de 2016, estão 

entre as 10 bactérias mais comuns causadoras de infecções sanguíneas 

em UTIs brasileiras a Klebsciela pneumoniae, Staphylococcus aureus e 

Pseudomonas aeruginosa. [2] Infecções bacterianas representam uma 

importante causa na morbidade e mortalidade humana. [2] Estas morbidade 

e mortalidade aumentam significativamente quando as bactérias 

causadoras destas infecções desenvolvem algum tipo de resistência. [4-7] 

Segundo a lista publicada pela Organização Mundial de Saúde (OMS), 

onde é foi listado os "patógenos prioritários" resistentes a antibióticos para 

os quais é urgente o desenvolvimento de novos antibióticos. Essa lista está 

dividida em categorias de prioridade crítica, alta e média para destacar o 

nível de urgência da necessidade de novos antibióticos. A "crítica" inclui 

bactérias com resistência a múltiplas drogas, elas 

incluem Acinetobacter, Pseudomonas, e diversas Enterobacteriaceae 

(incluindo Klebsiella, E. coli, Serratia, Proteus), que podem causar 

infecções graves e frequentemente letais, como infecções sanguíneas e 

pneumonia. Essas bactérias se tornaram resistentes a um grande número 

de antibióticos, incluindo carbapenêmicos e cefalosporinas de terceira 

geração. A segunda e terceira partes da lista, a de prioridade alta e média, 

contêm outras bactérias que estão aumentando a resistência aos 

antibióticos existentes e que causam doenças mais comuns, como 

gonorreia e intoxicação alimentar.[8] 

Vários métodos de diagnóstico de microrganismos estão descritos 

na literatura e em protocolos oficiais. [7] Entretanto, muitos deles, 

apresentam ineficiência quanto a rapidez e precisão [7,9] e, também, 
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envolvem muitas etapas de preparação e pré-enriquecimento. [10,11] 

Com o objetivo de melhorar o tempo de diagnóstico e início de uma terapia 

eficiente e, consequentemente, evitar a evolução de uma possível 

infecção, métodos mais rápidos e precisos estão sendo a desenvolvidos. 

[12] 

Como uma alternativa rápida, as técnicas espectroscópicas têm sido 

utilizadas. [13,14] A aplicação da espectroscopia IR na análise de 

microrganismos tem sido um alvo considerável nos últimos anos. [15] 

ATR- FTIR e NIR, quando associadas à um tratamento estatístico, podem 

ser utilizadas para determinar a impressão digital de metabólitos em 

microrganismos, tais como DNA, RNA, proteínas e compostos da parede 

celular. [16,17] 

 
 

1.2. ESPECTROSCOPIA
  

 
 

 
1.2.1. Espectroscopia no infravermelho 

 
 

Os métodos espectroscópicos são baseados nas interações da 

radiação com a matéria para obter informações sobre uma amostra. O 

analito encontra-se, inicialmente, em seu estado fundamental e, a o 

receber a radiação, algumas espécies do analito sofrem uma transição 

para um estado excitado podendo essa transição ser eletrônica, 

vibracional e rotacional. [18] Cada espécie molecular possui a capacidade 

de absorver frequências  características. [19] 

A espectroscopia na região do infravermelho engloba, em sua maior 

parte, às transições vibracionais das moléculas. Isto porque a radiação, 

geralmente, não é suficiente para causar transições eletrônicas. [20] Ela 

possui uma ampla faixa espectral que é dividida em Infravermelho 

Próximo (NIR, 780 – 2500 nm), Infravermelho Médio (MIR, 2500 – 5x104 

nm) e Infravermelho Distante (FIR, 5x104 – 1x106 nm). [21] As vibrações 

moleculares podem se incluir em estiramentos ou deformações angulares. 
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A vibração de estiramento ocorre com uma variação constante na 

distância entre átomos ao longo do eixo da ligação, baseado na lei de 

Hooke [22], enquanto que a vibração de deformação angular é 

caracterizada pela variação no ângulo entre duas ligações.[23] 

 
É possível explicar as bandas de absorção observadas no 

infravermelho geradas a partir dos modos fundamentais de vibração 

molecular, porém não consegue prever a presença de forças repulsivas 

entre átomos, a dissociação quando o comprimento da ligação excede a 

sua extensão e a presença de sobretons nos espectros, como por exemplo 

na região do infravermelho próximo. [24] 

 
 

1.2.1.1. NIR 

 
A região da espectroscopia no infravermelho próximo, denominada 

NIR, origina espectros que apresentam sobreposições e bandas de 

combinação das ligações CH, NH e OH de vários grupos funcionais [25], 

podendo outras ligações, como CC, CO, CN e PO, contribuir para o 

espectro NIR, embora possuam sinal fraco quando comparados com as 

anteriormente citadas, resultando em uma contribuição pouco 

significativa. [26] 

O NIR baseia-se na absorção de energia por parte das ligações  

existentes nas moléculas de uma amostra que são causadas por três 

mecanismos diferentes: sobreposição de vibrações fundamentais, 

combinação de vibrações fundamentais e ainda absorções eletrônicas, 

gerando bandas de baixa seletividade [18,27]. Essas bandas são 

originadas de transições com ∆v=±2, ∆v=±3... (ver referência 28), não 

obedecendo à regra de seleção, como pode ser observado na Figura 1. 

 
 

Figura 1 – Transição entre níveis vibracionais. 
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(Fonte: MARQUES, Aline S., 2013) 

 
 

 
As bandas de absorção do NIR são largas, sobrepostas e mais fracas 

que suas bandas fundamentais, como pode ser visto na Figura 2. Apesar 

da baixa absortividade, é possível uma maior profundidade de penetração, 

permitindo análises diretas de fortes absorventes e nivelando amostras 

com espalhamento, favorecendo a realização de análises químicas e 

físicas em uma única medida. [18] 

 
 
 

Figura 2- Representação de bandas de absorção na região do 

infravermelho próximo. 

 
 
 

(Fonte: MARQUES, Aline S. 2013) 
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1.2.1.2. ATR-FTIR 

 
 

1.2.1.2.1. Reflectância total atenuada - ATR 

 
A espectroscopia de Reflexão Interna ou Refletância Total Atenuada 

(ATR) possui vantagens diante de outros modos da espectroscopia no 

infravermelho, como exemplo os modos de transmissão e transflecção 

[29], e requer pouco ou nenhum preparo de amostra. 

O princípio do ATR baseia-se na reflexão de quando o feixe de 

radiação passa do cristal ATR para a amostra. Como ilustrado na Figura 

3, a fração do feixe de luz incidente que é refletida é proporcional ao 

aumento do ângulo de incidência, atingindo uma reflexão completa 

quando excede um determinado ângulo crítico. No ponto de reflexão o 

feixe atua penetrando a uma pequena distância dentro da amostra. A 

profundidade dessa penetração é dada pela equação 1: 
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𝑑(λ) = 
λ

 
2𝜋𝑛 (sin 2𝜃−(
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 1 
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Onde d(λ) é a profundidade da penetração, λ é o comprimento de onda, n1 o índice 

de refração (cristal ATR), n2 o índice de refração (amostra) e θ é o ângulo de 

incidência.[29,30] 

 
 

Figura 3- Ilustração da espectroscopia de reflexão total atenuada (ATR). 
 

 

 
(Fonte: adaptado da referência 31) 

 
 

1.2.1.2.2. Espectroscopia FTIR 

 
A espectroscopia FTIR é um método realizado com espectrômetros de 

infravermelho mais modernos, e trabalham sob um princípio diferente. 

O caminho ótico produz um padrão em forma de ondas que contém todas as 

frequências que formam o espectro do infravermelho, esse padrão é chamado de 

interferograma, que é, em sua essência, um gráfico de intensidade versus tempo. 

[31] Esse gráfico é, então, convertido em um gráfico de intensidade versus 

frequência com uma operação matemática conhecida como transformata de Fourier 

(FT). [32] 

A vantagem de utilizar a transformata de Fourier com o infravermelho é que é 

possível obter dezenas de interferogramas para uma mesma amostras em menos 

de um segundo, realizar o procedimento matemático com a soma 
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dos interferogramas guardados e gerar um espectro com melhor razão 

sinal/ruído.[33] 

Os dados obtidos a partir da espectroscopia ATR-FTIR e NIR com amostras 

biológicas são complexos e apresentam muitas bandas de sobreposição sendo 

necessária a aplicação de ferramentas matemáticas para sua resolução. Entretanto, 

ao utilizarmos o espectro todo em um modelo matemático, algumas variáveis são 

redundantes e não contém informação efetiva alterando o desempenho final do 

modelo. [34] Para isso, os métodos de seleção de variáveis, SPA-LDA e GA-LDA 

[35,36], podem ser utilizados, reduzindo o conjunto de dados a variáveis 

predominantes. 

 
 

1.3. MÉTODOS LINEARES DE CONSTRUÇÃO DE CARACTERÍSTICAS 
 

 
Os métodos lineares de construção de características são definidos como um 

conjunto de ferramentas estatísticas que consiste na análise simultânea de 

múltiplas variáveis com o objetivo de avaliar a interrelação entre elas encontrando 

características em comum.[37] 

 

 
1.3.1. Análise de componentes principais (PCA) 

 
PCA é um método não supervisionado que transforma ortogonalmente um 

conjunto de observação em um conjunto de valores, chamados componentes 

principais. A matriz original é decomposta como o produto de duas outras matrizes, 

os escores e os loadings, como na Equação 2. 

 
 

𝑋  = 𝑇𝑃𝑡 +E (2) 

 
 

 
Onde X é a matriz de dados (IxJ), T a matriz de escores (IxA), P a matriz de loadings 

(JxA) e E a matriz residual, com j sendo o numero de variáveis, i o numero de 

objetos ou amostras e a número de componentes que contém as informações 

significativas retidas.[38] 
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O PCA é comumente utilizado com o objetivo de reduzir o número de variáveis, 

sem perder a informação original. [18] 

 
 

1.3.2. Análise discriminante linear (LDA) 

 
A análise discriminante linear, diferentemente do PCA, é um método 

supervisionado largamente utilizado para classificar um grupo em classes pré- 

definidas. Foi proposta, inicialmente por Fisher [39], tem o objetivo de resolver 

problemas de diferenciação entre dois ou mais grupos, visando a posterior 

classificação destes. Um vetor é construído com a informação de cada grupo, 

identificando os grupos com valores de 0 a N por grupo. [40] 

 
 

1.3.3. Métodos de seleção de variáveis 

 
Os métodos de seleção de variáveis têm sido amplamente utilizados em 

conjunto com métodos de classificação. Destacam-se, entre elas o algoritmo de 

projeções sucessivas (SPA) [41] e o algoritmo genético (GA). [42] 

 
 

1.3.3.1. SPA-LDA 

 
O SPA é utilizado na busca de subconjuntos de variáveis que tenhas 

informações redundantes, diminuindo a colinearidade dos dados. Ele inicia com 

uma variável e incorpora outra variável a cada interação, até que a quantidade de 

número de variáveis desejadas seja atingida. São geradas cadeias de variáveis e 

avaliadas por meio de uma equação de risco (G). O subconjunto de variáveis que 

apresentar menor valor de G será selecionado. [38] 

 
 

1.3.3.2. GA-LDA 

 
O GA trata-se de uma técnica de otimização que baseia-se no princípio da 

biologia da evolução e seleção natural. Correlaciona-se a codificação de variáveis 

de forma binária, por meio de um gerador aleatório, onde cada
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variável recebe o valor 0 ou 1, significando, respectivamente, não incluído ou 

incluído no modelo, gerando um conjunto de variáveis que não incorpora tendências 

externas. [43,45] 

 
 

1.4. CIANOBACTÉRIAS E CONTAMINAÇÃO AMBIENTAL___________ 
 

As cianobactérias são os únicos procariontes já estudados que possuem a 

capacidade de realizar fotossíntese. Ela é encontrada em larga escala em diversos 

ambientes aquáticos, mas também podem existir em habitats terrestres. [46] É 

atribuído a elas 50% da fotossíntese terrestre, sendo um dos principais contribuintes 

do ciclo do oxigênio global. [47] 

Quando submetidas a fontes de contaminação, como exemplo metais pesados, 

elas podem sofrer alterações significativas em seu processo fotossintético, [48] que 

ocorre em sua na membrana tilacóide que possui lipídeos como componentes 

estruturais, majoritariamente algumas espécies de galactolipideos. [49] 

 

1.5. CROMATOGAFIA LÍQUIDA E ESPECTROMETRIA DE MASSA  

 

1.5.1. Cromatografia líquida acoplada com espectrometria de massa 

 
A cromatografia líquida, atualmente conhecida como HPLC (High Performance 

Liquid Chromatography) é um método analítico que objetiva a separação de 

diferentes espécies químicas presentes em uma amostra. Essa separação ocorre 

por meio de uma interação seletiva entre as moléculas da amostra (solvente) e as 

fases estacionária e móvel. A fase estacionária está relacionada com a coluna 

cromatográfica (Figura 4), que possui em sua composição pequenas partículas. A 

fase móvel (solvente), flui continuamente pelo sistema arrastando a amostra 

injetada através da coluna até o detector.[50] 
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A separação fundamenta-se no fato de que, as substâncias presentes na 

amostra, devido as suas diferentes estruturas moleculares, dispões e distintos 

graus de afinidade com a coluna e o solvente apresentando suas velocidades de 

migração igualmente diferentes. As substância com maior afinidade com a fase 

estacionária é aquela que elui por último, sendo o oposto válido.[51] 

Essa técnica é comumente utilizada para separar, identificar e quantificar 

substâncias em diferentes tipos de produtos. 

 
 

Figura 4. Esquema de coluna cromatográfica 
 

 

 
 

(Fonte: Adaptado da referência 51) 

 
 
 
 

A Espectrometria de Massas (MS) é definida como o estudo da matéria pela 

formação de íons em fase gasosa e posteriormente caracterizados por um 

Espectrômetro de Massas de acordo com sua massa, carga, estrutura ou 

propriedades fisico-químicas.[52] O resultado de uma análise por MS se dá pela 

forma de um espectro, onde a abscissa corresponde à razão entre a 
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massa e o número de cargas do íon (m/z) e a ordenada está relacionada à sua 

intensidade. [53] 

A cromatografia líquida quando acoplada com a espectrometria de massa 

combina o poder de separação da HPLC com a capacidade da espectrometria de 

massa (MS) de detectar de forma seletiva e confirmar a identidade de uma 

molécula. LC-MS usa um sistema HPLC e à medida que as fases líquidas móveis 

saem da coluna, a amostra líquida é pulverizada para produzir microgotas, que 

evaporam rapidamente, liberando as moléculas de analito ionizadas que podem, 

então, ser separadas via MS. [54] 

A Figura 5, representa o esquema de um espectrômetro de massas para a 

obtenção de dados LC-MS. Em abordagens ômicas, é especialmente usado  um 

sistema de ionização eletrospray (ESI) com um analisador de massa (TOF), assim 

as moléculas que chegam à sofrem um processo de ionização suave chamado 

ionização por electrospray [55,56] que, em geral, não quebra as moléculas da 

amostra, apenas as ioniza, permitindo a criação de agregados com ganho ou perda 

de átomos ou moléculas, se este agregado apresentar massa maior que a molécula 

original é chamado de aducto e se menor, fragmento.[57] 

 
Figura 5. Esquema de um espectrômetro de massas 
 

 

 
(Fonte: adaptado da referência 54) 

 
 

 
1.5.2. MCR-ALS 
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As análises realizadas por LC-MS geram uma grande quantidade de dados 

para uma única amostra biológica, para isso estratégias de seleção de massas 

(ROI) pode ser utilizado para reduzir significativamente o tamanho do conjunto de 

dados e posteriormente terem suas informações isoladas e resolvidas pelo método 

de resolução multivariada de curvas (MCR-ALS). 

O método de Resolução Multivariada de Curvas (MCR, do inglês Multivariate 

Curve Resolution) é um método de processamento de sinais analíticos que tem o 

objetivo de isolamento, resolução e quantificação das fontes de variação em um 

determinado conjunto de dados. [58,59] Ele recupera informações misturadas, não 

supervisionadas, ou seja, não é necessário informar nenhuma hipótese sobre a 

contribuição de diferentes fatores, provenientes de um instrumento (D) em 

contribuições reais de seus componente puros, representados pelos perfis de 

concentração (C) e perfis espectrais (ST). [60] 

A equação que define o modelo geral do MCR é dado por D = CST, em que 

D é a matriz da resposta instrumental, C é a matriz de concentração e S a matriz 

de espectros puros.[61] 

O método MCR com Mínimos Quadrados Alternantes (ALS, do inglês 

Alternation Leasts Squares) é utilizado para buscar  o resultado que apresenta o 

melhor ajuste, chamado de otimização, e permite recuperar perfis de 

concentração individuais e sinais (espectros, imagens) de espécies que explicam 

a variância observada dos dados. [60,61] 

 
 

Figura 6. Fluxograma representando o passo a passo do MCR-ALS 
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2. PRINCIPAIS OBJETIVOS 

 
 

 Fornecer um complemento potencial e/ou método alternativo para 

detecção e classificação de bactérias patogênicas (Staphylococcus 

aureus, Klebsiella pneumonieae e Pseudomonas aeruginosas) aos 

métodos tradicionais.

 
 Desenvolver um método para detectar mudanças no perfil lipidômico de 

cianobactérias (Anabaena sp. e Planktothrix agardhii) quando expostas a 

um agente contaminante (AS(III)), podendo ser utilizado como indicativo 

de contaminação ambiental.

 
 Avaliar a eficiência dos métodos de seleção de variáveis SPA-LDA e GA- 

LDA em estudos biológicos partindo de dados obtidos por espectroscopia 

no infravermelho:

o Na detecção de diferentes concentrações da bactéria 

Staphylococcus aureus contidas em amostras de sangue. 

o Na diferenciação de amostras de DNA de Klebsiella pneumonieae 

produtora e não produtora de Carbapenemase. 

o Na discriminação de amostras resistentes e sensíveis de isolados 

bacterianos de Pseudomonas aeruginosas a partir de amostras 

clínicas. 
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3. COMPOSIÇÃO DA TESE 

 
A presente tese foi organizada por ordem cronológica de desenvolvimento e 

está composta de publicações em que participei como primeira autora e que foram 

essenciais para o desenvolvimento dos meus argumentos. Esta está organizada 

em capítulos como segue: 

Capítulo 1 é composto pela introdução geral. 

 
Capítulo 2 – Feature selection strategies for identification of Staphylococcus 

aureus recovered in blood cultures using FT-IR spectroscopy successive projections 

algorithm for variable selection: A case study – este trabalho introduz o uso dos 

métodos de seleção de variáveis SPA-LDA e GA- LDA a dados obtidos por 

espectroscopia no infravermelho (FT-IR) a partir de amostras de sangue 

contaminadas com Staphylococcus aureus, em diferentes concentrações, para 

avaliar a eficiência destes métodos e encontrar marcadores biológicos associados 

a estas diferenças. 

Capítulo 3 – Rapid discrimination of Klebsiella pneumoniae carbapenemase 2 

– producing and non-producing Klebsiella pneumoniae strains using near-infrared 

spectroscopy (NIRS) and multivariate analysis – traz os métodos de seleção de 

variáveis SPA-LDA e GA-LDA associados à espectroscopia no infravermelho 

próximo na diferenciação de amostras de DNA de cepas de Klebsiella pneumoniae 

produtora e não produtora de carbapenemase 2. 

Capítulo 4 – Near-infrared spectroscopy and variable selection techniques to 

discriminate Pseudomonas aeruginosa strains in clinical samples 

– aplica os métodos, SPA-LDA e GA-LDA com espectroscopia no infravermelho 

próximo, para avaliar sua eficiência na diferenciação de  amostras clínicas de 

Pseudomonas aeruginosa. 

Capítulo 5 – Assessment of the effects of As(III) treatment on cyanobacteria 

lipidomic profiles by LC-MS and MCR-ALS – trabalho realizado em parceria com o 

Consejo Superior de Investigaciones Científicas – CSIC – IDAEA –Espanha, 

apresenta um novo método (Regions of Interests), desenvolvido pelo professor 

pesquisador Romà Tauler, que tem como objetivo 
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reduzir dados obtidos por LC-MS. Neste trabalho, foi avaliado o perfil lipidômico de 

duas classes de cianobactérias (Anabaena sp. e Planktothrix agardhii) após serem 

expostas a diferentes concentrações de Arsênio(III). 

Capítulo 6 – Conclusões e perspectivas que sumariza os resultados 

encontrados, apresentando uma conclusão geral e fornece sugestões para 

trabalhos futuros. 

         Apêndice 1 – Hyperspectral Raman spectroscopy image analysis of 

Cyanobacteria exposed to Arsenic(III) using multivariate curve resolution- 

alternating least squares (MCR-ALS). – trabalho realizado em parceria com o 

Consejo Superior de Investigaciones Científicas – CSIC – IDAEA –Espanha. Neste 

trabalho, foram utilizadas imagens hiperespectrais obtidas por espectroscopia 

Raman de duas classes de cianobactérias (Anabaena sp. e Planktothrix agardhii) 

após serem expostas a diferentes concentrações de Arsênio(III), com o objetivo de 

avaliar as mudanças estruturais que ocorrem  nas mesmas. 

 
 

4. METODOLOGIA 

 
Os estudos realizados com espectroscopia foram desevolvidos com a parceria 

entre o Instituto de Química e Departamento de Microbiologia e Parasitologia da 

Universidade Federal do Rio Grande do Norte, Natal,Brasil. Enquanto que o estudo 

com a cromatografia líquica acoplada a espectrometria de massa foi desenvolvido 

em parceria do Instituto de Química da Universidade Federal do Rio Grande do 

Norte, Natal, Brasil com o grupo de pesquisa CHEMAGEB do Conselho Superior 

de Investigações Científicas, Barcelona, Espanha, em projeto financiado pela 

CNPq/Capes (070/2012). 

 
4.1. Obtenção e preparo das amostras 

 
 

4.1.1. Staphylococcus aureus 

As cepas de Staphylococcus aureus, ATCC 29213 foram fornecidas pelo 

Instituto Nacional de Controle de Qualidade em Saúde, Fundação Oswaldo 
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Cruz, Rio de Janeiro, Brasil, e em seguida foram cultivadas em caldo BHI (do inglês 

Brain Heart Infusion, Oxoid, Hampshire, Inglaterra) e diluídas em solução salina em 

diferentes concentrações (1x107, 1x106, 1x105, 1x104 e 1x103 UFC/mL). 

 
4.1.2. Klebsiella pneumoniae 

As cepas de Klebsiella pneumoniae foram fornecidas pelo Laboratório de 

Pesquisa em Infecção Hospitalar, Fundação Oswaldo Cruz, Rio de Janeiro, Brasil, 

foram cultivadas em ágar sangue, MacConkey e BHI (HIMEDIA) e tiveram o seu 

DNA extraído com QIAamp DNA Mini Kit. 

 
4.1.3. Pseudomonas aeruginosa 

As amostras de Pseudomonas aeruginosa foram fornecidas pelo Laboratório de 

Micobactéria do Departamento de Microbiologia e Parasitologia da Universidade 

Federal do Rio Grande do Norte, Natal, Brasil. 

 
4.1.4. Anabaena sp. e Planktothrix agardhii 

As culturas de Anabaena sp. e Planktothrix agardhii foram obtidas da Coleção 

de Culturas de Algaes e Protozoários (CCAP1403/21 e CCAP1459/11) da Scottish 

Association for Marine Science, Reino Unido, foram replicadas e cultivadas em meio 

contaminado com Arsênio(III) e depois tiveram seus lipídeos extraídos. 

 
4.2. Espectroscopia IR 

 
 

4.2.1. Espectroscopia ATR-FTIR 

Os espectros ART-FTR foram coletados no modo de transmissão na faixa de 

600 a 4000 cm-1 usando o Bruker ALPHA FT-IR espectrômetro, equipado com o 

acessório ATR. Os espectros (32 varreduras, resolução espectral de 8 cm-1) foram 

convertidos em absorbância com o software Bruker OPUS. 

 
4.2.2. Espectroscopia NIR 
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Cada espectro NIR (8 cm-1 de resolução espectral e 32 varreduras, em 

triplicata), foi adquirido no modo de reflectância com utilizando espectrômetro Mini 

Fourier-transform da ARCspectro ANIR. 

 
 

4.3. LC-MS 

 
As análises foram realizadas utilizando o sistema Waters Acquity UPLC 

conectado ao Waters LCT Premier espectrômetro de massa, operando em modo 

de ionização eletrospray positiva de 50 a 1800 Da em intervalos de aquisição de 

0,2s. A fase estacionária utilizada foi a C8 Acquity UPLC e duas fases móveis, fase 

A: H2O 2 mM de formato de amônio e fase B: MeOH 1 mM de formato de amônio, 

ambas contendo 0,2% de ácido fórmico. A taxa de fluxo foi de 0,3 mL min-1 e o 

gradiente fase A/fase B iniciou com 20:80, mudou para 10:90 em 3 min, de 3 a 6 

min manteve-se em 10:90, mudando para 1:99 até 18 min retornando a condição 

inicial até o minuto 20. 

 
 

 
4.4. Análises computacionais 

 
 

4.4.1. Pré-processamentos 

 
Foram utilizados a correção multiplicativa de sinal (MSC) [referencia], derivadas 

e suavizações com o método Savitzky-Golay. [referencia] 

 
 

4.4.2. Métodos 

Análise de Componentes Principais (PCA), métodos de seleção de variáveis: 

Algoritmos de Projeção Sucessiva (SPA) e Algorítmo Genético (GA), seguidos de 

Análise Linear Discriminante (LDA) foram utilizados  para classificar amostras das 

bactérias patogênicas descritas nos Capítulos 2, 3 e 4. Na elucidação de variações 

no perfil lipidômico das cianobactérias descritas no Capítulo 5 foi utilizado a 

estratégia de seleção de variáveis Regiões de Interesse (ROI) e Resolução 

Multivariada de Curvas com Mínimos Quadrados Alternantes (MCR-ALS). 
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4.4.3. Figuras de mérito 

 
Sensibilidade (SENS) e Especificidade (SPEC) foram utilizados para avaliar os 

modelos de classificação multivariada. [referencia] 
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a b s t r a c t   
 

Staphylococcus aureus is one of the leading causes of bacteremia, with high levels of accompanying morbidity and 

mortality. Current gold standard for the detection of S. aureus is very time-consuming, typically taking 24 h or 

longer. We set out to determine whether Fourier-transform infrared spectroscopy (FT-IR) combined with vari- 

able selection techniques, such as, genetic algorithm–linear discriminant analysis (GA–LDA) and successive pro- 

jection  algorithm–linear  discriminant  analysis  (SPA–LDA)  could  be  applied  to  detect  this  pathogen  of 

bloodstream infection in samples based on the unique spectral “fingerprints” of their biochemical composition. 

Thirty real blood samples from healthy volunteers were contaminated with five different concentrations (107 

until 103 CFU/mL) of microorganism and it analyzed by IR spectroscopy. The resulting GA–LDA model success- 

fully classified all test samples with respect to their concentration in contaminated blood using only 18 

wavenumbers. Discriminant functions revealed that GA–LDA clearly segregated different microorganism con- 

centrations and the variable selected confirmed the chemical entities associated with the microorganism. The 

current study indicates that IR spectroscopy with feature selection techniques have the potential to provide 

one rapid approach for whole-organism fingerprint diagnostic microbial directly in blood culture. 

© 2013 Elsevier B.V. All rights reserved. 

 
  

 

1. Introduction 

 
Bloodstream infections (BSIs) represent an important cause of 

human morbidity and mortality accounting for 30–40% of all cases 

of severe sepsis and septic shock (Doern et al., 1994). Diagnostic 

assays for identification of microorganisms and antimicrobial resis- 

tance determinants directly from positive blood culture broth are 

reported. (Pence et al., 2013). Prompt detection of microorganisms 

circulating in the bloodstream of patients is imperative as it allows 

clinicians to make decisions on possible therapeutic interventions 

(Dellinger et al., 2008; Weinstein and Doern, 2011). Automated blood 

culture systems  are the most sensitive approach for detection  of the 

bacteremia causative agent. There are some automated blood cul- ture 

systems commercially available, such as BACTEC FX (BD, Franklin 

Lakes, NJ, USA) and VersaTREK (ThermoFisher Scientific, Waltham, 

MA, USA). However, this procedure typically takes 24 h (e.g., for Staph- 

ylococcus aureus up to 5 days for Candida species) to generate the results 

(Pence et al., 2013). Moreover none of the currently available molec- ular 

methods is sufficiently rapid and accurate (Pence et al., 2013; Waterer 

and Wunderink, 2001). Because time is essential in 

 

⁎ Corresponding author. Tel.: +55 84 3215 3828; fax: +55 83 3211 9224. 

E-mail address: kassio@ufrnet.br (K.M.G. de Lima). 

preventing the evolution of BSI to severe sepsis or septic shock, faster 

detection methods are needed. 

In the past 10 years, molecular techniques have been explored as 

tools for the identification of microbial species and subspecies 

(Wenning and Scherer, 2013). In particular, attenuated total reflection 

Fourier-transform infrared spectroscopy (ATR-FTIR) can be utilized to 

determine the microorganism metabolic fingerprint (DNA, RNA, pro- 

teins, cell-wall components), emerging as an interesting alternative 

for a rapid and cost-effective identification of microorganisms (Riding 

et al., 2012). ATR-FTIR is also characterized by a minimum of sample 

handling. It requires no extractions and is non-destructive. Moreover, 

amplifications, labeling, or staining steps of any kind are needless. The 

metabolic fingerprint generated by ATR-FTIR spectroscopy reflects the 

balance of some factors such as compositional and quantitative differ- 

ences of biochemical compounds in microbial cells (Martin et al., 2010). 

The application of IR spectrometry for S. aureus microorganism 

analysis (Amiali et al., 2011; Grunert et al., 2013; Maquelin et al., 

2003) has been a target in the past years. Amiali et al. (2011) deter- 

mined an FTIR spectral region or combination of regions reflecting a 

specific biochemical feature of a community-associated methicillin- 

resistant S. aureus (CA-MRSA). The authors provided a substitute for 

descriptive epidemiology in the definition of CA-MRSA strain types. 

Grunert et al. (2013) studied the potentiality of FTIR spectroscopy for 
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differential diagnostic of the most clinically relevant S. aureus capsular 

polysaccharide types. Maquelin et al. (2003) realized a first prospective 

clinical study in which the causative pathogens (Staphylococcus aureus, 

Enterococcus faecalis, Escherichia coli and Pseudomonas aeruginosa) of blood 

infections were identified by FTIR spectroscopy. 

For the analysis of S. aureus bacteria with IR spectroscopy, most of 

the reports are based on principal component analysis (PCA) for ini- 

tial data reduction (de Sousa Marques et al., 2013), hierarchical clus- 

ter analysis (HCA) for analyzed groups in a set of data on the basis of 

spectral similarities (Martin et al., 2011), and linear discriminant 

analysis (LDA) for classify unknown samples into predetermined 

groups (Cheung et al., 2011). However, when employing full spectrum 

in the construction of these mathematic models, many variables are re- 

dundant and/or non-informative, and their inclusion may affect the 

performance of the final model. A well-succeeded approach to over- 

come this drawback is the successive projections algorithm (SPA) 

(Pontes et al., 2005) in conjunction with LDA and genetic algorithm 

(GA) (Tapp et al., 2003). 

The present paper proposes the determination of an FTIR spectral 

region, or combination of variables, that reflects a specific biochemical 

feature of S. aureus in blood samples. We employed SPA and GA to select 

an appropriate subset of wavenumbers for LDA. Other goals were the 

elucidation of the altered variables using different concentrations of 

bacteria in the blood and the identification of the altered biochemical- 

bacteria fingerprint. This novel approach envisions rapid microbial 

identifications in clinical diagnostic assays. 

 

2. Material and Thethods 

 
2.1. Bacterial strain 

 
Strain of S. aureus ATCC 29213 was cultivated in 2 mL of Brain Heart 

Infusion (BHI) broth (BHI, Oxoid, Ltd., Basingstoke, Hampshire, 

England) for 24 h at 35 °C. A microbiological strain suspension was 

standardized to 0.5 McFarland scale (~ 108 CFU/mL) in sterile saline. 

 
2.2. Sample preparation 

 
2.4. Chemometric methods: PCA, LDA, SPA–LDA and GA–LDA 

 
A data set with many variables can be simplified by performing data 

reduction which makes the system more easily interpretable. Principal 

component analysis (PCA) is a well-known way to reduce the number 

of variables, in which the spectral matrix X is decomposed as: 

 
X ¼ TPt þ E ð1Þ 

where X is the I × J data matrix, T is the I × A matrix of score vectors, the 

score vectors ta are orthogonal (i.e., TtT = diag(λa) and λa are eigen- 

values of the matrix XtX), P is the J × A matrix of loadings vectors, E is 

the I × J residual matrix, I is the number of objects, J is the number of 

variables, and A is the number of calculated components. 

LDA is a supervised linear transformation that projects the variables 

(wavenumbers, for example) into a variable-reduced space which is 

optimal for discrimination between treatment classes. An LDA seeks 

for a projection matrix such that Fisher criterion (i.e. the ratio of the 

between-variance scatter to the within-class variance) is maximized 

after the projection. The variables created through LDA (factors) are 

linear combinations of the wavenumber-absorbance intensity values 

(Martin et al., 2007). Thus, the use of LDA for identification or classi- 

fication of spectral data generally requires appropriate variable se- 

lection procedures (Pontes et al., 2005; Silva et al., 2013). In the 

present study, the SPA and GA were adopted for this function. In the 

SPA–LDA and GA–LDA models, the validation set was used to guide 

the variable selection, a strategy to avoid overfitting. The optimum 

number of variables for SPA–LDA and GA–LDA was determinate from 

the minimum of the cost function G calculated for a given validation 

data set as: 

G 
1 

g 2 
NV n¼1 

where gn is defined as 

r2

.
xn; mI  n  
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gn 

ð Þ 
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For IR measurements blood samples from healthy volunteers were 

contaminated with S. aureus in a microwell  plate at five dilutions  (1 

× 107, 1 × 106, 1 × 105, 1 × 104 and 1 × 103 CFU/mL). The data 

set consisted of 36 samples that were divided into five for each dilution 

(30 samples, bacteria group) and six for the control group (uncontam- 

inated blood). 

 
2.3. ATR-FTIR spectroscopy 

 
ATR-FTIR spectroscopy was performed using a Bruker ALPHA FT- 

IR spectrometer equipped with an ATR accessory. Spectra (8 cm−1  

spectral resolution giving 4 cm−1  data spacing equivalent to 258 
wavenumbers, co added for 32 scans) were converted into absor- 

bance by Bruker OPUS software. The time measurement was of 26 s 

(32 scans) per spectrum. Absorbance spectra of bacterial samples 

were obtained against the spectrum of sterile blood used as back- 

ground. Immediately following collection of each background, ap- 

proximately 0.1 mL of each sample was applied to the ATR crystal 

using a transfer pipet, ensuring that no air bubbles were trapped on 

the crystal surface. After each measurement the ATR plate was 

washed with ethanol (70% v/v) and dried using tissue paper. Clean- 

liness of the ATR plate was verified by collecting an absorbance spec- 

trum of the crystal using the most recently collected background as a 

reference. Before and between spectral acquisitions, samples were 

stored in the dark at ambient temperature. The ATR-FTIR spectrom- 

eter was placed in an air-conditioned room (21 °C), and samples 

were allowed to equilibrate to this temperature before analysis. 

¼  
minIðmÞ≠l  n  r

2
.

xn; mIðmÞ 

Σ ð

 

where I(n) is the index of the true class for the nth validation object xn. 

In GA–LDA model, the mutation and reproduction probabilities were 

kept constant, 10 and 80%, respectively. The initial population was 120 

individuals, with 50 generations. The best solution resulting from the 

three realizations of the GA was kept. 

For this study, LDA scores, loading, and discriminant function (DF) 

values were derived for the biochemical-bacteria fingerprint region. 

The first LDA factor (LD1) was used to visualize the alterations of the 

blood sample in 1-dimensional (D) score plots that represented the 

main chemical alterations. SPA–LDA and GA–LDA were used to detect 

the biochemical alterations relative to the corresponding vehicle control 

(uncontaminated blood). 

 
2.5. Software 

 
The data import, pre-treatment, and the construction of chemometric 

classification models (LDA, SPA–LDA and GA–LDA) were implemented in 

the MATLAB version 6.5 (Math-Works, Natick, USA). Different prepro- 

cessing methods were used, including the baseline correction, derivative, 

smoothing Savitzky–Golay methods by using a first and second-order 

polynomial, and varying the number of window points (3, 5, 7 and 15). 

For SPA–LDA and GA–LDA models, the samples were divided into 

training (25), validation (6) and test sets (5) by applying the classic 

Kennard-Stone (KS) uniform sampling algorithm (Kennard and 

Stone, 1969) to the IR spectra. 
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3. Results and discussion 

 
3.1. IR spectra and interpretation 

 
Fig. 1a shows ATR-FTIR spectra of blood (in this case the air used 

as background) and  bacterial samples at  five  dilutions (1 × 107,  1  

× 106, 1 × 105, 1 × 104 and 1 × 103 CFU/mL). The IR absorption bands 

of bacterial cells, which are masked by the intense water signals in the 

spectrum of blood, reflect vibrations of molecules present in cap- sule, 

cell wall, membrane and cytoplasm. Spectra of the S. aureus (blood 

spectrum as background) at different concentrations are shown in 

Fig. 1b. This strategy also avoids the interference of water in the mea- 

surements. As can be seen, the ATR-FTIR spectrum of this biological sys- 

tem is quite complex and consists of some broad bands that arise from 

the superimposition of absorption by various macromolecules.  This 

spectral region contains some blocks of relevant biochemical informa- 

tion: (i) 900 to 1200  cm−1, the polysaccharide region (dominated by 

 

Fig. 1. Original spectrum of ATR-FTIR measurement of: (a) blood sample and S. aureus 

strain after inoculation in blood sample; (b) absorbance spectra of the biochemical- 

bacteria fingerprint regions for IR spectroscopy; (c) IR spectra with first derivative of the 

Savitzky–Golay using a window of fifteen points. 

 
C\O\C and C\O\P stretching vibrations); (ii) 1300 to 1700 cm−1, 

the region associated with lipids, proteins [Amide I(~ 1650 cm−1), 

Amide II(~1550 cm−1) and at ~ 1400 cm−1 (C_O stretching of amino 

acids)]; (iii) 1750–1850 cm−1, C_O from lipids esters, carboxyl groups, 

and nucleic acids; (iv) 2800–3000 cm−1, C\H of CH2 in fatty acids and 

CH3 in lipids and proteins; (v) 3100–3400 cm−1, N\H of amide in 
proteins. 

In our study, the differences among the spectra are in the quantity 

and distribution of the different functional groups. The identification 

of bacteria based on analysis of complex spectral signatures by eval- 

uating peak intensities or half-width differences from a few bands 

that are resolvable by some means is very hard. These problems 

were circumvented by applying the Savitzky–Golay first derivative 

procedure with a first-order polynomial and a 15-point window, as 

shown in Fig. 1c. A first-derivative transformation makes unique spec- 

tral features of the different bacterial concentration more prominent. 

First-derivative transformation is often used to process spectral data be- 

cause it separates overlapping absorption bands, removes baseline 

shifts, and increases apparent spectral resolution. Thus, the discrimina- 

tory power of ATR-FTIR spectroscopy can be significantly improved by 

combining it with appropriate chemometric, especially by employing 

supervised through multivariate techniques such as PCA and LDA that 

highlight the differences between the spectra. Furthermore, in this 

study, we have evaluated the improvement in the capability of the 

LDA in discriminating among the different concentrations of the bacte- 

ria in blood by incorporating two different variable selection methods, 

SPA and GA. 

 
3.2. Principal component analysis 

 
PCA is commonly employed to reduce the dimensionality of spec- 

tral data and to obtain preliminary information about data distribu- 

tion. After processing, the range of 600–4000 cm−1 was submitted  to 

PCA analysis. A PCA model was built from the calibration set using 

2 PC, explaining together 91.12% of the variance in the data after 

applying the pre-processing (first derivative Savitzky–Golay). As 

seen in Fig. 2a, there is a separation with overlapping of the con- 

centrations addressed in this case study. It is possible to observe, 

based on Fig. 2a, that the 1 × 105 and 1 × 106 classes are overlapped. 

On the other hand, since PCA is an unsupervised technique, this weak 

separation was obtained without using the information that the 

samples belong to 5 different groups and is indicative of features 

spectral differences. Based on this feasible study and preliminary re- 

sults, the 1478–1721 cm−1 and 2282–2431 cm−1 regions should be 

considered optimal and more appropriate for the identification of 

S. aureus in blood, as shown in the Fig. 2b. 

 
3.3. SPA–LDA and GA–LDA 

 
SPA was applied to the data set and resulted in the selection of 10 

variables, namely 598, 616, 657, 628, 698, 1665, 1961, 1998, 2145 

and 3501 cm−1. Using the 10 selected wavelengths, it was obtained 
the Fisher scores for all the samples of the data set (Fig. 3). Fig. 3 pre- 

sents the first two (no-standardized) discriminant functions (DF1, 

DF2) for the overall data set. The coefficients of these functions were 

calculated by using the training-set statistics (class means and 

pooled covariance matrix) for the 10 selected variables. As can be 

seen, DF1 × DF2 does not discriminate among bacteria concentra- tion 

samples. In the SPA–LDA solution some of the wavenumbers se- lected 

by SPA are located in regions where no information is apparent. 

Hence, the inclusion of such variables has an adverse effect on the 

sensitivity of the LDA model to instrumental noise. 

The GA employed for comparison resulted in the selection of 17 

wavenumbers (among 1666 available), namely 618, 690, 824, 945,  

1371,  1402,  1545,  1861,  2221, 2474, 2621, 2754, 3254, 3346, 3625, 

3637 and 3762 cm−1. Fig. 4a shows the screen plot associated with 
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Fig. 2. PCA results: (a) score plot of PC1 versus PC2 (1 × 103:▼, 1 × 104: *, 1 × 105: ■, 

1 × 106:+, 1 × 107: ●, CFU/mL) and (b) loading plot. 

 
 

the variable selection with GA–LDA, whose cost function minimum 

point was obtained with 17 wavenumbers. Using the selected 

wavenumbers by GA–LDA, it was obtained DF1 × DF2 for all the sam- 

ples of the data set (Fig. 4b). As can be seen, there is a greater effect of 

homogeneity among classes, being obtained no misclassification, using 

only the 17 wavenumbers selected by GA in the LDA modeling. Exami- 

nation of the selected wavenumbers following GA–LDA (Fig. 4a) indi- 

cated that the main biochemical alterations induced by S. aureus were 

on lipids, proteins [Amide II (~1550 cm−1), and at ~ 1400 cm−1 (C_O 

stretching of amino acids)], and to a lesser extent at DNA vibrations 

(~1080 cm−1). Several selected wavenumbers appear to be of particu- 

lar interest, namely, the variables at 3254 and 3346, representing the 

peptide bonds from proteins. The variables at 3625, 3637 and 3762 

 

Fig. 3. DF1 × DF2 discriminant function values calculated with the variables selected by 

SPA–LDA of the data set (1 × 103:▼, 1 × 104: *,1 × 105: ■, 1 × 106:+, 1 × 107: ●, CFU/mL). 

 

 
 

Fig. 4. (a) IR spectrum (first derivative of the Savitzky–Golay using a window of fifteen 

points). The arrows indicate the position in the spectra of the 17 wavenumbers variables 

selected  by  the  GA–LDA;  (b)  DF1 × DF2  discriminant  function  values  calculated  by 

using the variables selected by GA–LDA of the data set (1 × 103:▼,  1 × 104: *,1 × 105: 

■ , 1 × 106:+, 1 × 107: ●, CFU/mL). 

 
represent the spectral region of fatty acid region and the variables be- 

tween 900 and 600 cm−1 correspond to the fingerprint region. 

4. Conclusions 

 
In conclusion, the joint use of ATR-FTIR and discrimination analy- 

sis is a powerful means for routine identification of S. aureus in blood 

culture and hence a preferential choice for clinical diagnosis. This study 

proposed a methodology for bacteria identification employing ATR-

FTIR spectrometry and LDA analysis coupled with the SPA for 

wavenumber selection. Variable selection techniques (SPA and GA) 

using LDA was subsequently performed in an attempt to gain more 

information regarding potential differences among the bacteria con- 

centrations from the ATR-FTIR spectra. In a case study involving 5 

different  concentration  bacteria  samples,  the  resulting  GA–LDA 

model successfully detected the biochemical alterations for the bacteria 

using only 17 wavenumbers. In contrast, traditional full-spectrum PCA 

model was not able to achieve weak separation. This study suggests that 

IR spectroscopy with computational analysis can be applied as a novel 

approach to investigate chemical dose–response relationships in blood 

cultures as well as to obtain biomarkers (selected wavenumbers). 

Although these results are encouraging, much larger databases of vibra- 

tional spectra of a wider range of microbial species, as well as a larger 

number of isolates per species, must be established. In the  future, the 

miniaturization of instruments for field measurements which 

employed LED that emit radiation at wavelengths previously selected 

(e.g., UV, Vis, NIR and IR), the information generated by a multi-LED 

photometer may be sufficient for use in analysis or discriminatory si- 

multaneous determinations based on multivariate analysis (de Lima, 

2012). 
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a b s t r a c t  
 

Klebsiella pneumoniae Carbapenemase (KPC–2)-producing and non-producing Klebsiella pneumoniae (KP) 

have rapidly disseminated worldwide, challenging the diagnostics of Gram-negative infections. We 

evaluate the potential of a novel non-destructive and rapid method based on Near-Infrared Spectro- 

scopic (NIRS) and multivariate analysis for distinguishing KPC-2 – producing and non-producing KP. 

Thirty-nine NIRS spectra (24 KPC-2-producing KP, 15 KPC-2 non-producing KP) were acquired; different 

pre-processing methods such as baseline correction, derivative and Savitzky–Golay smoothing were 

performed. A spectral region fingerprint was achieved after using genetic algorithm–linear discriminant 

analysis (GA–LDA) and successive projection algorithm (SPA–LDA) algorithms for variable selection. The 

variables selected were then used for discriminating the microorganisms.Accuracy test results including 

sensitivity and specificity were determined. Sensitivity in KPC-2 producing and non-producing KP 

categories was 66.7% and 75%, respectively, using a SPA-LDA model with 66 wavenumbers. The resulting 

GA-LDA model successfully classified both microorganisms with respect to their “fingerprints” using 

only 39 wavelengths. Sensitivity in KPC-2 producing category was moderate( E 66.7%) using a GA-LDA 

model. However, sensitivity in KPC-2 non-producing category using GA-LDA accurately predicted the 

correct class (with 100% accuracy). As100% accuracy was achieved, this novel approach identifies 

potential biochemical markers that may have a relation with microbial functional roles and means of 

rapid identification of KPC-2 producing and non-producing KP strains. 

& 2014 Elsevier B.V. All rights reserved. 

 
  

 

1. Introduction 

 
Gram-negative bacilli (GNB) of clinical importance can be 

divided into two major groups. Glucose-fermenting, oxidase- 

negative, and catalase-positive members constitute one group, 

called Enterobacteriaceae [1]. Resistance to carbapenem among 

members of the Enterobacteriaceae family has become a major 

health care concern worldwide [2]. Klebsiella pneumoniae carba- 

penemase (KPC)-producing bacteria are an emerging group of 

highly drug-resistant bacteria causing infections associated with 

significant morbidity and mortality [3]. Among the most common 

clinical syndromes associated with KPC-producing bacteria pre- 

sence are: pneumonia, urinary tract infections and manifestations of 

wounds, bacteremia, chronic atrophic rhinitis, arthritis, dysen- tery, 

meningitis, and sepsis in children, particularly those acquired 
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in hospital [4]. The genes for the 10 known KPC variants (KPC 2–11) are 

carried on large plasmids [5]. Detection of KPC-2 producing 

bacteria may be a challenge for clinical laboratories because in this 

study it was associated with positive extended-spectrum β-lacta- 
mase (ESBL) confirmation tests (clavulanate-potentiated activities of 

ceftriaxone, ceftazidime, cefepime, and aztreonam) [6]. 

Traditionally, the tests for detection of KPC-type producing 

bacteria and other microorganisms are combined in a series  of solid 

and/or liquid media which are inoculated with bacteria and 

interpreted/analyzed after a certain incubation period. The classi - 

cal approaches are based on agar diffusion methods [7], broth 

microdilution (BMD) [8], modified Hodge test [9], polymerase chain 

reaction (PCR) – based assays [10], among others. Although these 

assays have achieved good sensitivity and specificity with favorable 

positive and negative predictive values for these micro- organisms, 

they often require multiple steps with additional time needed for the 

clarification/discernment of species and/or detec- tion of 

antimicrobial resistance. Moreover, slow multistep culture- based 

assays are time consuming, labor-intensive and require 
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skilled clinical microbiologists working in the lab. There is a need 

for a quicker, non-destructive, sensitive, and specific means of 

detecting and differentiating KPC-type producing bacteria strains. 

Over the past decades, advanced molecular techniques in 

diagnostic microbiology have been  revolutionizing  the  practice of 

clinical microbiology [11]. In particular, Near-Infrared Spectro- 

scopy (NIRS) provides the ability to quickly detect analytes and has 

been explored as an interesting alternative tool for the identifica- 

tion of microbial species and subspecies [12–15]. Its sensitivity to 

the CH, NH, and OH absorptions related to microbial components, 

its speedy response time, the simplicity of sample preparation 

involved, the fact that the measurement is non-destructive, and its 

low instrumentation cost have fixed its position alongside other 

spectroscopies, including ultraviolet, visible, mid-infrared, Raman, 

and others. 

Marques et al. [12] (2013) described the usefulness of NIRS in 

the identification and classification of Escherichia coli and Salmo- 

nella enteritidis from commercial fruit pulp (pineapple). The 

authors obtained good performance  achieving  prediction  ability 

of 87.5% for E. coli and 88.3% for S. enteritidis, respectively. 

Rodriguez-Saona et al. [13] investigated the feasibility of NIRS in 

microbiology and the development of methodology for the quick 

identification of bacterial strains such as Escherichia coli HB101, 

non-virulent strain of Escherichia coli ATCC 43888, Escherichia coli 

ATCC 1224, Pseudomonas aeruginosa, Bacillus amyloliquifaciens, 

Bacillus cereus, and Listeria innocua. The use of NIRS spectral 

information and multivariate techniques in this study showed 

potential for the identification and subtyping of different bacterial 

species. Arnold et al. [14] used NIRS to monitor a submerged 

filamentous bacterial (Streptomyces fradiae) bioprocess. The pre- 

sent work is original/new in fully reporting how NIRS can be used 

to simultaneously measure the concentration of key analytes at- 

line in an antibiotic production process involving a filamentous 

bacterium, and in detailing the actual modeling process and 

subsequent critical assessment of model quality and performance.  

However, the method of data analysis is a critical aspect of any 

diagnostic assay, particularly for NIR. The major difficulties in the 

analysis of microbial species and subspecies are the weakness of  

the NIR signals from strains components and the complexity of  

overlapping bands. To overcome these difficulties, many chemo- 

metric algorithms have been applied to NIR data such as principal 

component analysis (PCA) for initial data reduction and explora- 

tory data analysis [16], hierarchical cluster analysis (HCA) for 

analyzing groups in a set of data on the basis of spectral similarities 

[17], and linear discriminant analysis (LDA) for classi- fying 

unknown samples into predetermined groups [18]. Further, as part 

of the computational methodology, variable selection methods 

such as successive projections algorithm (SPA) [19] in conjunction 

with LDA and genetic algorithm (GA) [20] improve the model 

performance compared with the full spectrum model. 

These algorithms eliminate potential interferents and variables  

that generate a lower signal/noise ratio. 

Although these studies have shown that NIR together with  

chemometrics analysis have been explored as alternative tools for 

the identification of microbial species, little research has been 

directed toward the use of NIRS and variable selection to be used in 

pathogenic microbiology studies. Herein, we have attempted to 

evaluate the potential of a quicker method for identification of KPC-

2-producing and  non-producing  Klebsiella  pneumoniae strains. For 

this, the present article set out to determine whether biochemical 

intra-individual differences or “fingerprint” features between KPC-

2-producing and non-producing bacteria could be identified using 

NIR spectroscopy with subsequent variable selec- tion methods. We 

employed SPA and GA to select an appropriate subset of 

wavenumbers for LDA. This approach can lead to more selective 

and specific microbial detection for medically relevant 

 
microorganisms by vibrational spectroscopy. Nevertheless, KPC-2- 

producing and non-producing Klebsiella pneumoniae was never 

discriminated by NIRS using wavelength selection to elucidate the 

altered biochemical-microbial fingerprint. 

 
2. Material and methods 

 
2.1. Bacteria strains 

 
Specimens of Enterobacteriaceae family from different biologi- 

cal sites were recruited from three health centers in the city of 

Natal / Rio Grande do Norte, Brazil from April 2012 to August 2013. 

The specimens were cultured on blood agar (HIMEDIA), Mac 

Conkey Agar (HIMEDIA) and Brain Heart Infusion Broth (BHI/ 

HIMEDIA) followed by inoculation in conventional atmosphere at 

35 1C  for  a  period  of  24 h.  The  phenotypic  identification was 
confirmed   by  the   Vitek  automation   system   (BioMérieux Vitek,  

St. Louis). The antimicrobial susceptibility testing, as well as 

confirming the production of ESBL and KPC-producing tests were 

determined by the disk - agar diffusion (Kirby - Bauer), as 

recommended by the CLSI 2013. 

 
2.2. Analysis of molecular pattern multi-resistance 

Enterobacteriaceae 

 

Enterobacteriaceae with phenotypic standard for ESBL  [21]  and KPC 

genotypic analysis of the genes bla TEM, bla SHV, bla CTX -M and bla 

KPC were sent. For extraction and purification of total DNA, 250 

QIAamp DNA Mini Kit (Cat. no. 51306) from Qiagen kit was used. The 

types of ESBL and KPC were determined through custom protocol to 

Polymerase Chain Reaction (PCR) using specific primers. The primer pair  

5’–ATTCTTGAAGACGAAAGGGC-3’  (forward)  and 5’–ACGCT- 

CAGTGGAACGAAAAC-3’ (reverse) was used for amplification of a 

sequence of 1150 base pairs (pb) from the TEM family  [22].  For  the SHV 

family, the primer pair 5’–GGGTTATTCTTATTTGTCGC-3’ (forward) and 

5’–TTAGCGTTGCCAGTGCTC-3’ (reverse) (947pb) was used, for the 

CTX-M family, 5’–TTTGCGATGTGCAGTACCAGTAA-3’ (forward) and  5’- 

CGATATCGTTGGTGGTGCCATA-3 ‘ (reverse) (544pb) [23] and KPC- 

2,5-  TGTCACTGTATCGCCGTC-3  (forward)  and  5- CTCAGTGCTCT 

ACAGAAAAACC-3 (reverse) (1100pb) [24] were used. The PCR was 

performed using an appropriate protocol in a final volume of 25 mL 

containing 1 mL of DNA, 16.25 mL of nuclease-free water, 2.5 mL of Taq 

buffer  10X,  2 mL  of  deoxynucleotide   mixture,   0.75 mL   of   MgCl2 (50 

mmol L-1), 1 mL (10 pmol ) of each “primer” and 0.3 mL of Taq 

DNA   polymerase   (5U   μL-1,   Ludwig,   Alvorada   /RS/Brazil).   For   the 

amplification conditions of the bla gene  CTX-M,  bla  SHV,  bla  TEM  and 
bla KPC were used at 94 1C pre-denaturation, 30 cycles of 1 min at 94 1C 

(denaturation), 2 min at 57.2 1C for annealing, 2 min 72 1C for extension, 

succeeded by a final extension of 8 min at 72 1 C. After the 

PCR reaction, the visualization of the amplified fragments was 

performed by agarose gel electrophoresis (Ludwig) 1% in 1X TAE 

(Tris-acetate). 

 
2.2.1. NIR spectroscopy 

Each NIR spectra (8 cm-1 spectral resolution, co-added for 32 

scans and in triplicate) were directly acquired, in reflectance mode 

on a miniature scanning Fourier-Transform spectrometer from 

ARCspectro ANIR (Neuchâtel, Switzerland), which is based on a 

lamellar  grating  interferometer  (35  mm  35 mm  65 mm)  and uses 

a micro-mechanical actuator. The portable NIR device uses an 

InGaAs photodiode (900 nm to 2600 nm) and the reflected light  was 

directed to the spectrometer through a bundle of optical fibers 

(model R600-7-VIS-125F, Ocean Optics, USA) linked to the probe 

end and the data acquisition and analyses were carried out by 

ARCspectro ANIR 1.64 software. Absorbance spectra of DNA 
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samples were obtained against the spectrum of reflectance stan- 

dard (Labsphere, 8750) used as background. A disposable syringe 

(1 mL) was used to place the samples (0.1 mL) on an aluminum- 

plated backing plate (0.1 mm sample thickness). The trans- 

flectance probe was positioned on the sample surface. The 

transflectance probe was washed with ethanol (70% v/v) and dried 

using tissue paper after each sample. Cleanliness of the transflec- 

tance probe was verified by collecting an absorbance spectrum of 

the probe using the most recently collected background as a 

reference. Spectral measurements were done in an acclimatized 

room  under  controlled  temperature  of  22 1C,  60%  relative air 
humidity,  and  samples  were  allowed  to  equilibrate  to  this tem- 

perature before analysis. Sample positioning, data collection, and storage 

took less than one minute per sample. Ninety spectra (45 KPC-2-

producing Klebsiella pneumoniae and 45 KPC-2-non-producing Klebsiella 

pneumoniae) were randomized. Fig. 1 shows  the experi- mental 

arrangement for sampling discrimination of KPC-2-producing and non-

producing Klebsiella pneumonia using NIR spectroscopy. 

 
2.3. Chemometrics methods: PCA, SPA-LDA and GA-LDA 

each spectrum is then compared to the others in order to make 

homogeneous groups. 

The second approach is based on supervised techniques 

coupled with variable selection methods such as genetic algo- 

rithm–linear discriminant analysis (GA–LDA) and successive pro- 

jection algorithm (SPA–LDA). In this report, LDA will refer to the 

canonical discriminant procedure developed by Fisher in 1936 [26] 

and designed to maximize between-groups variability relative to a 

measure of pooled within-groups variability. The variables created 

through LDA (factors) are linear combinations of the wavenumber- 

absorbance intensity values [27]. Thus, the use of LDA for identifica- 

tion or classification of spectral data generally requires appropriate 

variable selection procedures [28]. In the present study, the valida- 

tion samples were performed in SPA and GA to select the best 

optimum number of variables by minimizing a cost function 

calculated as: 

G 
1   NV  

g 2 
N 

¼ 

where gn is defined as 

g 
r2ðxn; mIðnÞ Þ

  3
 

For microbial identification, two basic approaches can be applied 

in the chemometric techniques: unsupervised and super- vised 

techniques. The objective of unsupervised methods, also called 

exploratory methods, is to depict the spectral data, without prior 

knowledge about the microorganism studied. Principal component 

analysis (PCA) [25] is a well-known  unsupervised  way to reduce 

the number of variables, in which the spectral  matrix X is 

decomposed as: 

X ¼ T PT þ E; ð1Þ 

where X is the I  x  J data matrix, T is the I  x A matrix of score 

vectors, the score vectors ta are orthogonal (i.e., TTT  diag(λa) and  λa 

are eigenvalues of the matrix XTX), P is the J  x  A matrix of loadings 
vectors, superscript T, as usual, indicates the transpose of 

a matrix, E is the I x J residual matrix, I is the number of objects, J is 

the number of variables, and A is the number of components 

calculated. In other words, PCA is often used for reducing the 

dimensionality of  the data without decreasing their  variance,  and 

n ¼ 
minIðmÞ a lðnÞr

2ðxn; mIðmÞ Þ 
ð  Þ

 

where  IðnÞ  is  the  index  of  the  true  class  for  the  nth  validation 

object xn. 

For this study, LDA scores, loading, and discriminant function 

(DF) values were derived for the biochemical-bacteria fingerprint 

region. The first LDA factor (LD1) was used to visualize the 

alterations of the bacteria sample in 1-dimensional (D) score plots 

that represented the main biochemical alterations. 

 
2.3.1. Software 

Data loading, pre-processing (mean-centering, Savitzky–Golay 

smoothing with different windows (3, 5, 7 and 15), first poly- 

nomial order, derivatization of first and second derivatives) and 

PCA were implemented in a MATLABs version 7.10 environment 

(Math-Works, Natick, USA) with the PLS-toolbox version 7.5.2 

(Eigenvector Research, Inc., Wenatchee, WA). The KS, GA–LDA 

and SPA–LDA classification routines were implemented in 

 

 
Fig. 1. Experimental arrangement for sampling discrimination of KPC-2-producing and no-producing Klebsiella pneumoniae using NIR spectroscopy. 
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Matlabs 7.10. For SPA-LDA and GA-LDA models, each class was 

treated separately. The Kennard Stone (KS) algorithm [29] was 

employed to select the samples which would compose the training 

(60% of samples), validation (20% of samples) and test (20% of 

samples) sets to the NIR spectra. Mean centering was applied to all 

spectra before performing variable subset selection and calibra- tion. 

The training and validation samples were used in the modeling 

procedures (including variable selection for LDA), whereas the test 

samples were only used in the final evaluation  and comparison of 

the classification models. 

For the GA routine, the initial population was 120 individuals 

with 60 generations each. The mutation and reproduction prob- 

abilities were kept constant at 10 and 60%, respectively. The best 

solution (in terms of the fitness value) resulting from the three 

realizations of the GA was kept. The final results (SPA-LDA and GA- 

LDA models) were expressed in terms of classification rates for the 

validation set. 

Receiver-operating characteristic (ROC) analysis is recom- 

mended standard practice for test evaluation studies for non- binary 

tests [30]. For this study, measures of test accuracy, such as 

sensitivity (probability that a test result will be positive when the 

disease is present), specificity (probability that a test result will be 

negative when the disease is not present) were calculated as 

important quality standards in test evaluation. 

 
3. Results and discussion 

 
3.1. NIR spectra 

 
As can be seen in Fig. 1, NIR spectra acquired from two classes 

(KPC-2-producing and non-producing Klebsiella pneumoniae) pre- 

sent a consistent baseline offset and bias. Although these are quite 

common features in NIR spectra acquired by diffuse reflectance 

techniques [31], some pre-treatments need to be  performed. Among 

the pre-processing techniques tested, the one showing better 

separation of the classes employing PCA, SPA-LDA and GA- LDA 

was the combination of Savitzky-Golay first derivative (15 points 

window, first degree polynomial) and Savitzky-Golay smoothing (15 

points window). In all cases, mean-centering was effectively applied 

to calculate the average spectrum of the data   set and subtract the 

average from each spectrum. A first-derivative transformation 

makes unique spectral features of the different bacteria strains more 

prominent. In addition, first-derivative transformation is often 

applied to process spectral data since it separates overlapping 

absorption bands, removes baseline shifts and increases apparent 

spectral resolution. These  effects  are shown in Fig. 2. 

As seen in Fig. 2, the consistent baseline offset and bias after 

processing were corrected and now it is possible to assign some 

 

Fig.  2.  NIR  spectra with  first  derivative  of  the  Savitzky-Golay  using  a window of 

fifteen points. (-) KPC-2-producing; ( ) no-producing Klebsiella pneumoniae. 

 
overtones and combination bands evidenced in the spectrum, 

including the following: a weak band at approximately 1140 nm was 

influenced by absorption exerted by the second overtone- related 

alkenes; absorption peaks were recorded at approximately 1398 and 

1485, both associated with the first overtone OH stretching (water); 

a band at approximately 1632 nn is associated with the first overtone 

CONH secondary amides, a probable biochemical signature from 

DNA/RNA (cytosine, guanine and uracil), while at 1756 nm there 

was influence from absorption exerted by the first overtone — 

CONH— primary amides; a strong band at approximately 1900 nm 

was related to OH combination (stretching  and  bend  modes);  and  

the  regions  from  2110 to 2205 nm and from 2250 to 2300 nm were  

assigned  to  alkenes  (CH2 stretching and bend) and methylene (CH 

stretching and bend), respectively. Tentative assignments to KPC-2-

producing  and non-producing Klebsiellapneumoniae were based on  

systema- tic comparison of these major regions with the band 

known [32]. 

 
3.2. Principal component analysis 

 
After processing, the range of 900-2600 nm was submitted to PCA 

analysis. The PCA model was built from the calibration set using 2 

PC explaining together 65.34% of the variance in the data after 

applying the pre-processing (Savitzky-Golay smoothing and first 

derivative). As can be seen in Fig. 3a, the classes are over- lapped. 

This weak separation was obtained without using the information 

that the samples belong to two different groups and is indicative of 

features of/with spectral differences. The major loadings (Fig. 3b) are in 

the 1400–1410 nm (first overtone OH  stretching) region with other 

contributing regions at 1890–1910 nm (OH combi- nation) and 2150–

2400 nm (alkenes and methylene bands). 

 

Fig. 3. PCA results: (a) score plot of PC1 versus PC2 (KPC-2-producing: ■, no- producing 

Klebsiella pneumoniae: and (b) loading plot (PC1, 48.92%). 
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Fig. 4. (a) DF1 ~ samples discriminant function values calculated by using the 

variables selected by SPA–LDA of the data set (KPC-2-producing: ■, no-producing 

Klebsiella pneumoniae: ; (b) the blue full circles indicate  the  position  in  the  spectra 

of the 66 wavelengths variables by using the variables selected by SPA–LDA of the 

data set. 

Fig. 5. (a) DF1 ~ samples discriminant function values calculated by using the 

variables selected by GA–LDA of the data set (KPC-2-producing: ■, no-producing 

Klebsiella pneumoniae: ; (b) the blue full circles indicate  the  position  in  the  spectra 

of the 39 wavelengths variables by using the variables selected by GA–LDA of the 

data set. 

 

3.3. SPA-LDA and GA-LDA results 

 
SPA was applied to the data set (KPC-2-producing versus non- 

producing Klebsiella pneumoniae) and resulted in the selection  of   66 

variables, namely 900, 903, 911, 921, 930, 934, 942, 949, 963, 

981, 990, 1308, 1393, 1410, 1417, 1425, 1443, 1455, 1463, 1481, 1489, 

1502, 1860, 1885, 1914,  1923, 1937,  1943, 1956, 1974,  1990,  2006, 

2025, 2045, 2059, 2069, 2086, 2107,  2129, 2173,  2192,  2224, 2248, 

2264, 2285, 2297,  2314, 2332, 2358, 2376, 2403, 2422, 2441,  2465, 

2480, 2494, 2520, 2530, 2540, 2556, 2561,  2577,  2587, 2593, 2598 

and 2600 nm. Using the 66 selected wavelengths, the Fisher scores 

were obtained and there was also good segregation from each class. 

Fig. 4a shows the Fisher scores and Fig. 4b indicates the wavelength 

selected by SPA–LDA. Upon examination of the selected 

wavenumbers following SPA-LDA (Fig. 4b) indicate that the main 

biochemical alterations were on CH2 stretchingþ CH2 bending of 

vinyl alkenes (2192 nm) and CH stretchingþ C¼ O stretching of CHO 

aldehydes (2224 nm).The SPA-LDA model achieved a sensitivity of 

66.7% and 75.0%, respectively, for KPC- 2-producing versus non-

producing KP. 

GA-LDA model for comparison achieved an improvement in 

segregation between KPC-2-producing versus non-producing KP. 

The GA resulted in the selection of 39 wavenumbers (of 909 

available); these were 914, 927, 939, 958, 973, 993, 1065, 1075,  

1128,  1134,  1144,  1157,  1178,  1190,  1200, 1270, 1318,  1322, 1341, 

1342, 1372,  1376,  1391,  1438, 1458, 1458, 1576, 1592, 1596, 1600, 

1606, 1824, 1943, 1953, 1993, 2340, 2367, 2399, 2450 and 2545 nm. 

Using the 39 selected wavelengths (Fig. 5a),the Fisher scores for all 

the samples of the data set (Fig. 5b) were obtained whose  minimum 

point cost function was achieved with 39 wavenumbers. As can be 

seen, there was again an excellent separation from each category. 

The accuracy of GA-LDA for KPC-2-producing was 66.7% for 

sensitivity. For non-producing KP, GA-LDA model achieved a 

sensibility of 100.0%. Several selected wavenumbers appear to be  of 

particular interest, namely the variables at 1318 and 2340 nm, 

representing the CH stretching and bending of methylene and NH 

stretching and bending of amide primary, respectively. 

 

4. Conclusion 

 
As was demonstrated, NIR spectroscopy facilitates the deriva- 

tion of an integrated biochemical-bacteria fingerprint based on the 

NIR absorbing properties of the constituent chemical vibrations. 

The potential of NIR spectroscopy to discriminate KPC-2- produ- 

cing and non-producing bacteria has been examined in this work. 

The study clearly demonstrates that different phenotypes of 

bacteria can be clearly segregated using NIR spectroscopy with 

subsequent PCA, SPA–LDA and GA–LDA algorithms. These findings 

have at least two important implications. First, NIRS and computa- 

tional analysis can be applied as a novel approach to investigate 

these microbial pathogens because the timely and accurate detec- 

tion/identification is critical for patient treatment decisions and 

outcomes for millions of patients each year. Second, with the 

miniaturization of instruments for field measurements employing 

light emission diode (LED) that emit radiation at wavelengths 
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previously selected (e.g., NIR), this approach may be used in 

analysis or discriminatory simultaneous determinations based on 

multivariate analysis [33]. 
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a b s t r a c t   
 

Pseudomonas aeruginosa is a leading cause of nosocomial infections, ranking second among the negative Gram 

pathogens reported to the National Nosocomial Infection Surveillance System. P. aeruginosa may develop resis- 

tant during prolonged therapy with all antimicrobial agents. Therefore, isolates that are initially susceptible 

may become resistant within 3–4 days after initiation of therapy. Testing of repeat isolates may be warranted. 

There is a need for sensitive and specific tests. We set out to determine whether near-infrared spectroscopy 

(NIR) combined with variable selection techniques employing successive projection algorithm – linear discrim- 

inant analysis (SPA-LDA) or genetic algorithm – (GA-LDA) could discriminate P. aeruginosa strains according to 

resistant vs. sensitive. The variables selected were then used for discriminating the strains. The influence of var- 

ious spectral pre-treatments (Savitzky–Golay smoothing, multiplicative scatter correction (MSC), and Savitzky– 

Golay derivatives) was calculated. In addition, accuracy test results including sensitivity and specificity were de- 

termined. Sensitivity in the resistant category was 95% using a SPA-LDA model with 70 wavelengths. Sensitivity 

and specificity in both categories was 93% using a GA-LDA model with 32 wavelengths. We show that NIR spec- 

troscopy of P. aeruginosa combined with variable selection techniques is a powerful tool for resistant vs. sensitive 

strains based on the unique spectral “fingerprints” of their biochemical microbial identification, emerging as an 

alternative for rapid and cost-effective identification of strains. 

© 2015 Elsevier B.V. All rights reserved. 
 

 

 

1. Introduction 

 
Some bacteria are intrinsically resistant to antimicrobial agents be- 

cause they lack the target site for that drug, or the drug is unable to reach 

the site of action, or the organism contains a chromosomally encoded 

resistant mechanism. For example, isolates of Pseudomonas aeruginosa 

may become resistant  to  the  antibiotic  being  used  to  treat the 

infection [1] and that prior use of a particular antibiotic pre- dicts that 

P. aeruginosa will develop resistant to that antibiotic [2]. 

P. aeruginosa is the most prevalent species of non-fermentative Gram- 

negative bacilli (NFGNB) in clinical isolates of nosocomial nature, the 

leading cause of nosocomial bloodstream infections, ranking third 

among Gram-negative bacteria after Escherichia coli and Klebsiella spe- 

cies [3]. 

Detection of P.aeruginosa in the clinical laboratory is of major impor- 

tance for the determination of appropriate therapeutic schemes and 

the implementation of infection control measures. In order to detect 

the presence of P.aeruginosa in clinical samples, the polymerase chain 

reaction (PCR), [4] disk diffusion or dilution methods, [5] broth 

 

⁎ Corresponding author. Tel.: +55 84 3342 2323.  
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microdilution (BMD), [6] and enzyme block test [7] are standard micro- 

biological assays. However, these methods are time consuming, expen- 

sive, and involve numerical preparation steps like indispensable 

selective pre-enrichment. There is a need for sensitive and specific 

tests which are faster, non-destructive, and have/are specific means of 

detecting and differentiating P. aeruginosa strains. 

Alternatively, near-infrared spectroscopy (NIRS) can be used on var- 

ious microbiologic species for direct detection and identification [8–10], 

emerging as an interesting alternative for quick and cost-effective iden- 

tification of living specimens. NIRS is also characterized by a minimum 

of sample handling. It requires no extractions and is non-destructive. 

Each bacterial species has a complex cell wall/membrane composition 

which gives a unique NIR fingerprint, due to the stretching and bending 

vibrations of molecular bonds or functional groups present in its pro- 

teins, nucleic acids, lipids, sugars, and lipopolysaccharides, among 

others. Therefore, each bacterium will have a unique and characteristic 

spectrum, and single microorganisms could be identified from an NIR 

spectrum. For example, Marques et al. [9] recently determined the bio- 

chemical intra-individual differences or “fingerprint” features between 

Klebsiella pneumoniae Carbapenemase (KPC–2)-producing and non- 

producing Klebsiella pneumoniae (KP) using NIR spectroscopy with sub- 

sequent variable selection methods. The authors concluded that NIRS 
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may provide a novel approach to identify potential biochemical markers 

that may have a relation with microbial functional roles between KPC-2 

producing and non-producing KP strains. 

Several circumstances have contributed to the successful develop- 

ment of NIR spectroscopy of microbiologic species. The use of multivar- 

iate statistical approaches, which allow for the extraction of qualitative 

and quantitative information from complex spectra for bacterial charac- 

terization and are largely responsible for advancing the NIR technique. 

For example, principal component analysis (PCA) for reducing the mul- 

tidimensionality of the  data  set into its most dominant components  or 

scores while maintaining the relevant variation between the data points 

[8], hierarchical cluster analysis (HCA) for identifying similarities 

between the spectra of microorganisms using the distances between 

spectra [11], and linear discriminant analysis (LDA) for the classification 

of objects into groups or clusters by determining the similarity of a set of 

values from an unknown sample to a set of values measured from a set 

of known samples [12]. In addition, variable selection methods, more 

specifically, successive projections algorithm (SPA) [13] and genetic 

algorithm (GA) [14] in conjunction with LDA have improved the model 

performance compared with the full spectrum model. On the other 

hand, a standardized experimental protocol in relation to media 

preparation, incubation time and temperature, cell harvesting condi- 

tions, sample preparations, and NIR measurement should be followed 

to obtain reproducible data. 

The present paper investigates the use of NIR spectroscopy and che- 

mometric techniques as a quick and non-destructive method for classi- 

fication of P. aeruginosa strains into two different categories: species of 

standard multidrug-resistant phenotype (resistant to more than one 

class of antibacterial agent), and sensitive to all classes of antibacterial 

agents tested. This study is the first to apply NIR spectroscopy coupled 

with variable selection techniques to identify P. aeruginosa with multi- 

drug-resistant isolated from clinical material profile. We employed 

SPA and GA to select an appropriate subset of wavelengths for LDA 

that reflects a specific biochemical feature of each category. 

 

2. Material and Thethods 

 
2.1. Bacteria strains 

 
Sixty-three strains of P. aeruginosa, with varied susceptibility profile 

of the different classes of antibacterial agents (penicillins, β-lactam, 

β-lactamase inhibitor combinations, cephems, monobactams, carba- 

penems, lipopeptides, aminoglycosides, and fluoroquinolones) from 

different clinical specimens (various secretions, urine culture, blood cul- 

ture, and catheter tip) were used in this study. From these samples, 54 

(class 1) species were confirmed of being standard multidrug-resistant 

phenotype (resistant to more than one class of antibacterial agent), and 

44 (class 2) were sensitive to all classes of antibacterial agents tested. 

 

2.2. Maintenance of strains 

 
2.4. Phenotypic identification of bacterial resistant 

 
The agar disk diffusion technique was used to assess susceptibility 

to different classes of antimicrobials for confirmation. Test-resistant 

patterns such as combined disk and enzyme block were used for strains 

that showed reduced susceptibility halo of the third-generation cepha- 

losporins or carbapenems. P. aeruginosa ATCC27853 was used for con- 

trol and validation tests. 

 

2.5. NIR spectroscopy 

 
Bacterial species were transplanted in studies of stock for nutrient 

Agar (HIMEDIA) plate and incubated for 24 h in bacteriological incuba- 

tor (35 °C). Each NIR (spectral resolution of 8 cm−1,in duplicate) spectra 

were directly acquired in the reflectance mode, using a miniature 

Fourier-transform scanning spectrometer from ARCspectro ANIR 

(Neuchâtel, Switzerland). The portable NIR device uses an InGaAs 

photodiode (900–2600 nm) and the reflected light was directed to the 

spectrometer via a bundle of optical fibers (model R600 -7-VIS-125 F, 

Ocean Optics, USA) linked to the probe end and the data acquisition 

and analyses were carried out by ARCspectro ANIR 1.64 software. Absor- 

bance spectra of samples of P. aeruginosa were obtained from the spec- 

trum of the reflectance standard (Labsphere, 8750) which was used in 

the background. disposable syringes (1 mL) were used to place the sam- 

ple on an aluminum plate (0.1 mm thickness) and then the reflectance 

probe was positioned under each sample, which was in a petri dish 

containing nutrient agar. The probe reflectance was washed with 

ethanol (70% v/v) and dried with paper after each sample. Spectral mea- 

surements were done in an acclimatized room under a controlled tem- 

perature of 22 °C, 60% relative air humidity, and samples were allowed 

to equilibrate to this temperature before analysis. 

 

2.6. Multivariate analysis 

 
The data import, pre-treatment, and construction of chemometric 

classification models (SPA-LDA and GA-LDA) were implemented in 

MATLAB R2014a software (Mathworks Inc, Natick, MA, USA). NIR spec- 

tra were pre-processed by Savitzky–Golay smoothing with different 

windows (3, 5, 7, and 15), first polynomial order, derivatisation of 

first/second derivatives, and multiplicative scatter correction (MSC). 

Mean centering was applied to all spectra before performing variable 

subset selection and calibration. For SPA-LDA and GA-LDA model, the 

samples were divided into training, validation, and prediction sets by 

applying the classic Kennard–Stone (KS) uniform sampling algorithm 

to the NIR spectra [16]. Sample numbers in each set are presented in 

Table 1. Training samples were used in the modeling procedure (includ- 

ing variable selection for LDA), whereas the prediction set was only 

used in the final evaluation of the classification. The optimum number 

of variables for SPA-LDA and GA-LDA was determined from the mini- 

mum cost function G calculated for a given validation dataset: 

 

After confirmation of the etiological and phenotypic resistant 

patterns of  species, their identifications  were  stored  for 18 months NV
 n 

 
ð1Þ 

(January 2013 to July 2014) in tubes of nutrient agar with eppendorffs 

(HIMEDIA) and kept in the dark during the experiments. The cultures 

were renewed every 90 days. For the study, species were later removed 

from the culture collection of the Laboratory of Mycobacteria, Federal 

University of Rio Grande of Norte, Brazil. 

NV 

 
 

 
Table 1 

; 

n¼1 

 
2.3. Etiologic identification of strains 

 

The samples were phenotypically identified using methods pub- lished by 

the American Society of Microbiology [15]. 
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Number of training, validation, and test spectra in each category. 
 

Category Set training Validation Test 

(1) P. aeruginosa resistant 34 10 10 

(2) P. aeruginosa sensitive 24 10 10 

Total 58 20 20 
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where gn is defined as 

g 
r2

.
xn; mIðnÞ

Σ
 

 
  

It can be seen in Fig. 1 that it  features  900–1000  nm  and  2100- 

2500 nm, which were removed from both spectral classes for construc- 

2 
tion of the classification models (SPA-LDA and GA-LDA). Baseline offsets 

n ¼ 
minIðmÞ≠l n  r

2
.
xn; mIðmÞ 

Σ ð Þ
 

and I(n) is the index of the true class for the nth validation object xn. gn is 

defined as risk of misclassification of the nth validation object xn, n = 1, 

…, NV). In this definition, the numerator is the squared Mahalanobis dis- 

tance between object xn (of class index In) and the sample mean mI(n) of 

its true class. The denominator in Eq. (2) corresponds to the squared 

Mahalanobis distance between object xn and the center of the closest 

wrong class. 

GA-LDA was used to select variables employing the G function 

as cost function. The mutation and reproduction probabilities were 

kept constant at 10% and 60%, respectively. The initial population was 

100 individuals, with 50 generations. The best solution (in terms of 

the fitness value) resulting from the three realizations of the GA was 

employed. Receiver-operating characteristic (ROC) analysis is recom- 

mended standard practice for test evaluation studies for non-binary 

tests [17]. For this study, measures of test accuracy such as sensitivity 

(probability that a test result will be positive when the disease is 

present), specificity (probability that a test result will be negative 

when the disease is not present) were calculated as important quality 

standards in test evaluation. Both have a maximum value of 1 and a  

minimum of 0. The sensibility and specificity can be calculated follow- 

ing the equations: 

 
TP 

Sensibility ð%Þ ¼ 
TP þ FN 

× 100 ð3Þ 

Specificity ð%Þ ¼
     TN    

× 100 ð4Þ 

where FN is defined as false negative and FP as false positive. TP is 

defined true positive and TN is defined true negative. 

 

3. Results and discussion 

 
3.1. NIR spectra 

 
Fig. 1 shows the collected diffuse reflectance spectra of P. aeruginosa 

strains (resistant and sensitive), which illustrates that the lowest molec- 

ular absorption is in the short wavelength region (900–1408 nm) with 

higher values in the first overtone region (1490–1852 nm), and still 

higher absorbance levels in the combination region (2083–2500 nm). 

 
4 

 
3 

 
2 

 
1 

 
0 

 
-1 

 
-2 

and bias were present due to the light scattering. In an attempt to min- 

imize the effects caused by the difficulty in obtaining an ideal spectrum 

without undesirable random variations, some pre-treatments were ap- 

plied to the original spectra before construction of the classification 

models so that these variations did not influence the final results. 

Among the pre-processing techniques tested, the one showing better 

separation of the classes employing SPA-LDA and GA-LDA was the com- 

bination of Savitzky–Golay first derivative (15 points window, first de- 

gree polynomial), Savitzky–Golay smoothing (15 points window), and 

multiplicative scattering correction (MSC). These methods improve 

the signal–noise ratio (Savitzky–Golay smoothing), correct baseline dis- 

placement (Savitzky–Golay first derivative) and minimize the effects of 

light scattering (MSC). These effects are shown in Fig. 2. 

As can be seen in Fig. 2, the spectra show some overtones and com- 

bination bands: 1143 nm (band marked with number 1), 1333 nm 

(band marked with number 2), 1384 nm (band marked with number 

3), 1557 nm (band marked with number 4), 1753 nm (band marked 

with number 5), and 1871 nm (band marked with number 6). At 1143 

nm, there is a second overtone of asymmetric stretching of –CH3 

methyl. At 1333 nm, there is the second overtone of C=C alkenes 

(vinyl group). At 1384 nm there is a first overtone of stretching and 

anti-symmetric O–H bond. At 1753 nm, there is the first overtone of 

anti-symmetric stretching of NH2 and at 1871 nm, there is the second 

overtone of stretching O–H bend. 

 
3.2. SPA-LDA and GA-LDA models 

 
In this study, variable selection techniques (SPA and GA) in conjunc- 

tion with LDA were applied to the spectral data set to investigate 

two different objectives simultaneously. First, to achieve a predictive 

method, with the goal of formulating a discrimination rule used to pre- 

dict unknown P. aeruginosa strain (resistant and sensitivity) samples, 

measuring of test accuracy (sensitivity and specificity). Second, identifi- 

cation of the altered biochemical-bacteria fingerprint following SPA-

LDA and GA-LDA models. 

When SPA-LDA was used to segregate the two categories, resistant 

vs. sensitive, it resulted in the selection of 70 variables, namely, 1060, 

1066, 1072, 1086, 1095, 1104, 1127, 1134, 1142, 1153, 1170, 1183, 

1203,  1215,  1248,  1262,  1308, 1335, 1348, 1358, 1370, 1384, 1393, 

1402,  1410,  1420,  1428,  1436, 1448, 1455, 1460, 1465, 1472, 1482, 

1493,  1506,  1513,  1529,  1539, 1547, 1560, 1572, 1584, 1596, 1604, 
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Fig. 1. Raw NIR spectra of Pseudomonas aeruginosa samples: (-) resistant, ( ) sensitive. 
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Fig. 2. NIR spectra with first derivative of the Savitzky–Golay using a window of fifteen 

points. (-) P. aeruginosa resistant, ( ) P. aeruginosa sensitive. 
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1614, 1638, 1653, 1673, 1698, 1721, 1738, 1753, 1770, 1790, 1806,  

1819, 1843, 1857, 1868, 1885, 1902, 1917, 1929, 1940, 1956, 1971,  

1987, 2006, and 2019 nm.  Using  the  70  selected  wavelengths  (Fig. 

3A), the Fisher scores were obtained, and there was also a good 

segregation from each category, as shown in Fig. 3B. For P. aeruginosa 

strains resistant (category 1), the sensitivity and specificity obtained 

were 95%. For P. aeruginosa strains sensitive (category 2), the sensitivity 

and specificity obtained were also 95%. Examination of the selected 

wavelengths following SPA-LDA indicates that the main biochemical al- 

terations may be associated with lipids, proteins, nucleic acids, and to a 

lesser extent, DNA vibrations. Several selected wavelengths for SPA-LDA 

appear to be of particular interest, namely, the variables at 1142  nm, 

1335 nm, 1384 nm, representing the second overtone aromatic C–H 

bond,  stretch  overtone  and  deformation  of  the  C–H  bond  and  first 

overtone of stretching and anti-symmetric O–H bond, respectively. 

Finally, Fig. 4A shows the plot scores with variable selection using 

GA-LDA, whose minimum point cost function was obtained with 32 

wavelengths  (Fig.  4B), namely,  1102,  1109,  1141, 1144, 1170, 1260, 

1278, 1295, 1332, 1334, 1360, 1366, 1387, 1398, 1407, 1502, 1533,  

1552, 1554, 1606, 1649, 1738, 1822, 1843, 1862, 1908, 1929, 1965,  

and 1999 nm. When GA-LDA was employed to predict resistant vs. 
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Fig. 4. The application of variable selection technique (GA-LDA) to the segregation of 
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Pseudomonas aeruginosa strains: (A) thirty-two wavenumber variables selected, and 

(B) DF1 × DF2 discriminant function values calculated by using the variables selected by 

GA-LDA from both categories: (●) P. aeruginosa resistant, ( ) P. aeruginosa sensitive. 

 
sensitive, it was observed that using associated variables (32 selected) 

gives better segregation than SPA-LDA. As shown in Fig. 4A, there was 

again excellent separation from each category. The accuracy of GA- 

LDA for P. aeruginosa resistance and P. aeruginosa sensitivity achieved 

a sensibility of 93.0%. In the GA-LDA solution, some of the wavelengths 

selected appear to be of particular interest, namely, the variables at 

1102  nm  and  1108  nm,  representing  the  C–H  groups  from  lipids; 

1387 nm and 1862 nm are related to the first overtone of stretching 

and anti-symmetric O–H bond and second overtone of stretching O–H 

bend, respectively. 

 

4. Conclusion 

 
This paper presented a non-destructive method to discriminate 

P. aeruginosa strains according to resistance vs. sensitivity, based on 

clinical samples from simple NIR spectroscopy measurements aided 

by recognition techniques with variable selection methods (SPA-LDA 
and GA-LDA). The metabolic fingerprint generated by NIR spectroscopy 

Fig. 3. The application of variable selection technique (SPA-LDA) to the segregation 

of Pseudomonas aeruginosa strains: (A) seventy wavenumber variables selected and 

(B) DF1 × DF2 discriminant function values calculated by using the variables selected by 

SPA-LDA from both categories: (●) P. aeruginosa resistant, ( ) P. aeruginosa sensitive. 

combining with variable selection methods is a powerful adjunct for im- 

plementation of infection control measures, emerging as an alternative for 

quick/rapid and cost-effective identification of microbiologic species. 
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The study clearly demonstrates that P.aeruginosa strains according to re- 

sistance vs. sensitivity can be clearly segregated using NIR spectroscopy 

with SPA-LDA and GA-LDA algorithms. The SPA-LDA presented better 

performance than GA-LDA, archiving a correct classification rate of 

95%. The proposed method contributes to increasing the technological 

level of sensitive and specific tests which are faster, non-destructive and 

specific means of detecting and differentiating these microbial 

pathogens due to timely and accurate detection/identification being 

critical for patient treatment decisions and outcomes for millions of 

patients each year. 
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Abstract Cyanobacteria are a group of photosynthetic, 

nitrogen-fixing bacteria present in a wide variety of habitats 

such as freshwater, marine, and terrestrial ecosystems. In this 

work, the effects of As(III), a major toxic environmental pol- 

lutant, on the lipidomic profiles of two cyanobacteria species 

(Anabaena and Planktothrix agardhii) were assessed by 

means of a recently proposed method based on the concept 

of regions of interest (ROI) in liquid chromatography mass 

spectroscopy (LC-MS) together with multivariate curve reso- 

lution alternating least squares (MCR-ALS). Cyanobacteria 

were exposed to two concentrations of As(III) for a week, 

and lipid extracts were analyzed by ultrahigh-performance 

liquid chromatography/time-of-flight mass spectrometry in 

full scan mode. The data obtained were compressed by means 

of the ROI strategy, and the resulting LC-MS data sets were 

analyzed by the MCR-ALS method. Comparison of profile 

peak areas resolved by MCR-ALS in control and exposed 

samples allowed the discrimination of lipids whose concen- 

trations were changed due to As(III) treatment. The tentative 

identification of these lipids revealed an important re- 

duction of the levels of some galactolipids such as 

monogalactosyldiacylglycerol,  the  pigment  chlorophyll a 

and its degradation product, pheophytin a, as well as 

carotene compounds such as 3-hydroxycarotene and car- 

otene-3,3′-dione, all of these compounds  being essential  in 

the photosynthetic process. These results suggested 
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that As(III) induced important changes in the  composi- tion 

of lipids of cyanobacteria, which were able to com- promise 

their energy production processes. 

 

Keywords LC-MS . MCR-ALS . Cyanobacteria . As(III) 

 

Introduction 

 
Arsenic (As) is a well-known toxic element naturally present 

in the Earth’s crust [1]. Several studies have shown the differ- 

ent responses of microorganisms exposed to this metal, such 

as the demethylation process in fungi [2], contamination in 

food [3], and bioaccumulation, transformation, and release 

in Microcystis [4]. Arsenic is considered to be one of the most 

toxic environmental substances. Both natural and anthropo- 

genic sources contribute to the presence of As in environmen- 

tal media [5]. 

Cyanobacteria are the only known prokaryotes that perform 

oxygen-evolving photosynthesis, commonly found in diverse 

environments including marine and freshwater, as well as in 

terrestrial habitats [6]. They are responsible for about 50 % of 

earthly photosynthesis, and they are the main contributors of 

the global oxygen cycle. Metals, such as arsenic, are known to 

exercise a negative influence on cyanobacteria photosynthesis 

[7, 8]. Cyanobacteria photosynthetic processes are known to 

occur in cyanobacteria thylakoid membrane [9]. Lipids of 

cyanobacteria have an important function in the thylakoid 

membrane structural components, and consequently, they are 

vital for their life processes [10]. The lipid composition of 

cyanobacteria thylakoid membrane is mostly formed by galac- 

tolipid species of monogalactosyldiacylglycerol (MGDG) and 

digalactosyldiacylglycerol (DGDG). These lipids are crucial 

for the stability and activity of photosynthesis systems [11]. A 

decrease in their concentration has been related to a reduction 
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of the photosynthetic activity, changes in chloroplast ultra- 

structure, and growth arrest [12]. 

Liquid chromatography coupled to mass spectrometry 

(LC-MS) is currently being employed in lipid analysis due 

to its high resolution and sensitivity, enabling the simulta- 

neous identification of multiple constituents in the same ana- 

lyzed sample [13]. However, this analytical methodology, 

when applied in complex lipidomic studies, generates a huge 

amount of data in the analysis of a single biological sample 

[14]. A recently introduced strategy of selection of mass spec- 

trometry regions of interest (ROIs) is proposed to handle the 

extremely large size of these LC-MS data sets, using afford- 

able computer resources, without mass accuracy loss [15]. 

The ROI-based method significantly decreases the size of 

LC-MS data sets, allowing simultaneous analysis of multiple 

data sets in the study of the same system under different ex- 

perimental conditions. 

Multivariate curve resolution alternating least squares 

(MCR-ALS) is a chemometric tool applied to resolve multi- 

component responses from unknown unresolved mixtures 

[16–19]. MCR-ALS has been applied to the resolution of 

elution/concentration and mass spectra profiles for the differ- 

ent components existing in complex cell lipid mixtures ana- 

lyzed by chromatographic methods [14]. Recently, it has also 

been applied successfully to resolve complex omics profiling 

problems, such as in lipidomics [18, 19] and metabolomics 

[20] studies. 

The aim of this work was to evaluate the changes operating 

on lipidomic profiles of cyanobacteria (Anabaena and 

Planktothrix agardhii) when they were treated with As(III). 

As2O3 was selected as a source of As(III) since it is the main 

precursor of most of As compounds [21]. To accomplish this 

objective, a recently introduced data analysis strategy which 

combines the ROI concept in LC-MS together with MCR- 

ALS was applied. Changing lipids were identified and prelim- 

inary biochemical interpretations of the results are discussed. 

 
 

Materials and methods 

 
Chemicals and solvents 

 
As2O3 was purchased from Sigma. Analytical grade methanol 

and chloroform were purchased from Merck and Carlo Erba, 

respectively. HPLC Gradient Grade acetonitrile was pur- 

chased from Fischer Chemicals. Lipid standards were obtain- 

ed from Avanti Polar Lipids. 

 
Cyanobacteria culture and As(III) exposure 

 
Anabaena and P. agardhii were both obtained from Culture 

Collection of Algae and Protozoa (CCAP1403/21 and 

CCAP1459/11, respectively; SAMS Limited) and were grown 

aseptically in 500-mL Erlenmeyer flasks containing BG-11 

medium (with NaNO3 as a source of nitrogen) [22] at 25 °C 

under continuous fluorescent white light with an intensity of 

15 μmol photons m−2 s-1, until an optical density of 0.1–0.2 at 

750 nm (OD750) was reached. Then, the cultures were trans- 

ferred to 50-mL Falcon flasks with different concentrations (0, 

1, and 2 mM) of As(III); cells were maintained in the men- 

tioned conditions for 7 days. The choice of these As(III) con- 

centrations is based on a previous toxicity test on 

cyanobacteria (data not shown) in which the concentration 1 

mM started to reduce normal cell growth. 

 

Estimation of protein content 

 
Protein content was measured using Pierce™ BCA Protein 

Assay Kit (Thermo Scientific). Bovine serum albumin was 

used as a protein standard. In a 96-well plate, 20 μL of every 

sample was mixed with 100 μL of the working solution (BCA 

reagents A and B, 1:50) and then incubated at 37 °C for 1 h. 

Absorbance was measured at 562 nm (Synergy 2 Multi-Mode 

Reader, Biotek Instruments, Inc.). 

 
Microscopy and chlorophyll spectra 

 
Cyanobacteria were visualized through a Nikon eclipse 90i 

microscope using a ×60 oil objective, and images were cap- 

tured with a Nikon DS-Ri1 digital camera. Chlorophyll spec- 

tra were measured in a Synergy 2 Multi-Mode Reader (Biotek 

Instruments, Inc.) UV–Visible spectrophotometer in the range 

of 300–800 nm. 

 
Lipid extraction 

 
For every sample, 250 mL of cyanobacteria cultured in 500-

mL Erlenmeyer flasks was used. Cyanobacteria cultures were 

centrifuged (5000 rpm, 20 min, 4 °C) and the superna- tants 

were discarded to recover cell pellets. The extraction has been 

performed as previously described [19]. Briefly, 100 μL of 

Mili-Q water was added to the cyanobacteria pellets and the 

suspension was transferred to borosilicate glass tubes. This 

was followed by the addition of 500 μL of chloroform and 

250 μL of methanol in each tube. This mixture was fortified 

with different internal standards of lipids (C18(plasmalogen)- 

18:1 phosphatidylcholine, C18(plasmalogen)-18:1 phosphati- 

dylethanolamine, C16(plasmalogen) lysophosphatidylcholine, 

1,2,3-17:0 triacylglycerol, 1,3-17:0 D5 diacylglycerol, 17:0 

monoacylglycerol, 17:0 cholesteryl ester, 16:0 D31-18:1 phos- 

phatidic acid, 16:0 D31-18:1 phosphatidylcholine, 16:0 D31- 

18:1  phosphatidylethanolamine,  16:0  D 31-18:1  

phosphatidylserine, 16:0 D31-18:1 phosphatidylglycerol, 16:0 

D31-18:1 phosphatidylinositol, 17:1 lysophosphatidylcholine, 

17:1 lysophosphatidylglycerol, 17:1 lysophosphatidylserine, 

17:1 lysophosphatidic acid, 17:1  lysophosphatidylcholine, 
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17:1 lysophosphatidylinositol), 200 pmol each (10 μL of 20 

μM stock solutions in absolute ethanol). Next, samples were 

vortexed and sonicated until they appeared dispersed. In order 

to increase the efficiency of the extraction, samples were left 

under agitation overnight in a water bath at 48 °C, as described 

previously for other lipid extractions [23]. Samples were then 

cooled and evaporated under N2 stream and subsequently re- 

suspended in 500 μL of methanol. The resulting suspension 

was then transferred to 1.5-mL Eppendorf tubes and evaporat- 

ed again. Then, samples were resuspended in 150 μL of meth- 

anol and were centrifuged (10,000 rpm, 3 min) to discard all 

precipitates from the samples. Finally, 130 μL of each sample 

supernatant was taken and transferred to UPLC vials for LC 

injection. 

 
Liquid chromatography mass spectrometry 

 
LC-MS analysis was performed using a Waters Acquity 

UPLC system connected to a Waters LCT Premier orthogonal 

accelerated time-of-flight mass spectrometer (Waters) operat- 

ed in positive ion electrospray ionization mode. Full scan 

spectra from 50 to 1800 Da were acquired, and acquisition 

of every MS spectrum was taken approximately 0.2 s. 

Mass accuracy and reproducibility were maintained by 

using an independent reference spray via the LockSpray inter- 

ference. The analytical column was a 100 × 2.1-mm inner di- 

ameter, 1.7-μm C8 Acquity UPLC bridged ethylene hybrid 

(Waters). The two mobile phases were: phase A, H2O 2 mM 

ammonium formate, and phase B, MeOH 1 mM ammonium 

formate. Both contained 0.2 % of formic acid. The flow rate 

was 0.3 mL min−1. Tthe gradient of A/B solvents started at 

20:80 and changed to 10:90 in 3 min, from 3 to 6 min 

remained at 10:90, changed to 1:99 in 6 min until minute 15, 

remained 1:99 until minute 18, and finally returned to the 

initial conditions until minute 20. The column was held at 

30 °C. 

 
Chemometric data analysis 

 
Raw data files obtained from the LC-MS analysis of every 

sample were transformed to CDF format by Databridge 

function of MassLynx™ V. 4.1 software. LC-MS data were 

uploaded into the MATLAB workspace environment 

(version R2012b, The Mathworks Inc.) using the functions 

mzcdfread and mzcdf2peaks of the Bioinformatics Toolbox 

(The Mathworks Inc.). LC-MS data were arranged and 

aligned according to their m/z values in a square regular data 

matrix, with retention times in the rows and selected m/z 

values in the columns. Different strategies were adapted to 

build such a data matrix. We have recently proposed a new 

protocol based on the selection of  the ROIs [15]. This 

strategy allows for the selection of m/z traces whose 

intensity signals are higher than preselected 

threshold values (not noise or spurious measurements), and 

it takes advantage of the sparsity of the measured MS data 

and of their mass accuracy. Using this approach, full-scan 

chromatographic MS matrices with the highest experimen- 

tal mass accuracy are obtained with low storage require- 

ments. A relatively low number (200–500) of high- 

resolution MS (intensity, m/z) signals were finally taken into 

account, with more than 100-fold computer storage 

reduction (Fig. 1). 

Every MS-ROI data matrix was then normalized taking 

into account the areas of the internal standards added and the 

protein content measured for each sample. This nor- 

malization was done by multiplying each matrix by a  factor 

obtained as follows: (200 × mg protein)/mean area of 

standards, where 200 refers to the picomoles of stan- dards 

added in the lipid extraction. After normalization, individual 

MS-ROI matrices obtained in the analysis of every 

Anabaena and P. agardhii samples were used to build four 

different augmented matrices. In Fig. 1, the exemplary 

construction of a MS-ROI augmented matrix was given. 

Since MS-ROI individual data matrices have different 

number of ROI m/z values, a preliminary step of ROI 

rearrangement to consider all those ROI m/z values 

(common and not common) with significant traces (reten- 

tion times where MS intensity values are higher than the 

threshold values at the considered ROI m/z value) is per- 

formed. In case an individual matrix does not have a 

particular significant trace at this ROI m/z value, low ran- 

dom intensity values at the noise level are assigned. See 

Gorrochategui et al. [15] for more details about MS-ROI 

augmented matrix building. As shown in Fig. 1, the MS- 

ROI augmented data matrix Daug is built with four control 

samples and four treated samples, and the final dimensions 

of this augmented matrix are the total number of retention 

times considered in the eight chromatographic runs times 

the number of finally considered m/z ROI values. The first 

MS-ROI augmented matrix was built with the four non- 

treated (control) and the four 1-mM As(III)-treated 

Anabaena samples. The second MS-ROI augmented ma- 

trix had the four non-treated (control) and the four 2-mM 

As(III)-treated Anabaena samples. The third MS-ROI aug- 

mented matrix had the four non-treated (control) and the 

four 1-mM As(III)-treated P. agardhii samples. Finally, the 

fourth MS-ROI augmented matrix was built with the four 

non-treated (control) and the four 2-mM As(III)-treated 

P. agardhii samples. In order to perform this matrix aug- 

mentation column-wise, the columns of every ROI data 

matrix should have the same m/z ROI values. See 

Gorrochategui et al. [15] for details on how to implement 

this in practice. 

In this work, the MCR-ALS method [16, 17] has been used 

for the analysis of the augmented ROI data matrices described 

above. Since the MCR-ALS method has been described 
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Fig. 1 Example of MS-ROI data 

matrix augmentation and 

application of MCR-ALS to the 

simultaneous analysis of eight 

individual MS-ROI data matrices: 

four control samples and four 

treated samples. See [15] and 

Eq. 2 

A.S. Marques et al. 

 

 

 

 

 
 

 

 

 

 

 

 

 

 
 

elsewhere [15–17], only a brief explanation is given below. 

This method is based on the fulfillment of a bilinear measure- 

ment model, which assumes that the measured MS spectra 

along the chromatographic separation are the sum of the MS 

spectra of the lipids of the investigated system (plus some 

background, solvent, and instrumental noise contributions) 

weighted by their relative concentrations. This bilinear model 

can be described by the simple data matrix equation 

 
D ¼ CST þ E ð1Þ 

In the case of a single LC-MS-ROI data matrix, D contains 

the MS intensity signals at the selected m/z ROI values 

(columns) and retention times (rows). C has the elution or 
concentration profiles of resolved components, and ST  has 

 

good initial estimates for MCR-ALS due to the high selectiv- 

ity of the LC-MS data. Once the number of components and 

initial estimates of either C or STare provided, during the ALS 

optimization, various constraints are applied to model appro- 

priately the shapes of the C and ST profiles [24]. For ROI LC- 

MS data, non-negativity was applied to ensure the concentra- 

tion and spectral profiles to be positive. Also, during the ALS 

optimization, the MS spectra were normalized to have all 

maximum intensity equal to 1, to avoid scale indeterminacies 

(intensity ambiguity) and to give relative quantitative infor- 

mation in the concentration profiles. Since the MS-ROI spec- 

tra are sparse and very selective (a lot of zero values), rotation 

ambiguities [25] are practically not present in this case. Fitting 

MCR-ALS results can be performed by using the explained 
data variance calculated as: R2(%) = ∑d2/∑d2 × 100,  where 

ij ij 

the resolved pure MS-ROI spectra of these components. E 

has the non-explained variance and experimental error. 

MCR-ALS solves Eq. 1 by an Alternating Least Squares al- 

gorithm which calculates iteratively the concentration, C, and 

the pure MS-ROI spectra, ST, matrices fitting optimally the 

experimental data matrix, D. MCR-ALS optimization requires 

the initial proposal of a number of components and of an 

initial estimate of either the C or ST matrix. A sufficiently 

large number of components (for instance, 80 or more) can 

be initially selected to explain most of the data variance (e.g., 

more than 90 % of the total data variance) and to properly 

describe the experimental data features (chromatographic 

peaks). This number of components can also include some 

components that are not strictly related to the lipid signals 

but to the solvent, background, or other detector and instru- 

mental signal contributions. Initial estimates of either the C or 

ST matrix are obtained from the more distinct rows (MS spec- 

tra) or columns (chromatograms) of the data matrix. These are 

i = 1,…,I (number of data matrix rows, retention values) and 

j = 1,…,J (number of data matrix columns, number of m/z ROI 

values), dij is the MS-ROI individual intensity value in the 

experimental matrix D, and d*ij is the corresponding value 

calculated by MCR-ALS using the optimal C and ST matrices 

finally obtained, as has been shown in previous works [16, 

17]. 

The MCR-ALS bilinear model can be extended to the 

simultaneous analysis of multiple individual data matrices 

using the column-wise augmentation strategy described in 

Fig. 1. In this particular case, the simultaneous analysis of 

multiple MS-ROI data matrices coming from the same type 

of cyanobacteria culture (either Anabaena or 

P. agardhii) under different conditions (control samples and 

As(III)-treated samples at two concentrations, 1 and    2 

mM) was performed using the appropriate MS-ROI col- 

umn-wise augmented data matrix (see Fig. 1). Equation 1 

for  MCR  analysis of a single data matrix is now extended 
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to Eq. 2 for MCR analysis of the new column-wise MS- 

ROI augmented data matrices [16, 17]. 

Lipids are assigned from m/z values associated to smaller 

delta values (difference between query mass 
and  adduct  mass),  and  they  were  compared  with  those 

0 
D1 

1 

B C 

0 
C1 

1 

B C T 

0 
E1 

1 

B C T 
found in previous works. 

B D3 C ¼ B C3 CS  þ B E3 C ¼ CaugS  þ Eaug ð2Þ 

… … … 
DK Ck Ek 

 
In this equation, the column-wise augmented MS-ROI data 

matrix, Daug, is decomposed by the bilinear model into the 

product of a column-wise augmented matrix, Caug, having 

the elution profiles of the resolved components in every indi- 

vidual MS-ROI data matrix, by the MS spectra matrix, ST, 

having the pure MS-ROI spectra of these components. Eaug 

is the corresponding matrix which will have the model unex- 

plained variance (for the considered number of components) 

and experimental error. It is important to remark here that the 

proposed MCR-ALS data analysis strategy does not imply 

any shift nor shape assumption nor correction of the chro- 

matographic elution profiles of the same component in the 

different chromatographic runs. It only needs that the m/z 

values match among the different MS spectra included in D 

or Daug and that every component can be defined by a unique 

pure MS spectrum. This data analysis procedure has high 

flexibility and resolution power, it takes profit of the high 

resolution of the MS detector, and it allows for the lack of 

reproducibility of chromatographic separation conditions. 

Once the MCR-ALS results  are  obtained,  the  Caug  and 

ST matrices are examined in detail to extract qual- itative 

(identification) and  quantitative  information  and  to allow 

the interpretation  of  the  investigated  effects (by As(III) 

treatment). The elution/concentration profiles resolved by 

MCR-ALS for every component are in the columns of the 

Caug matrix for all chromatographic runs simultaneously 

analyzed. Comparison of the areas of these elution profiles 

provides the relative quantitative information about a 

particular resolved  component  in  the different analyzed 

samples. Comparison of the areas between the control and  

As(III)-treated  samples  allows for the statistical assessment 

of the produced effects at a particular significance level (p 

values below 0.05). Only those components showing 

statistically significant differ- ences between their 

concentrations (peak areas) in the control and As(III)-treated 

samples are further consid-  ered for their chemical 

compound identification. This identification is performed 

looking for the MCR-ALS MS-ROI-resolved spectrum 

corresponding to the same component in the ST matrix. The  

m/z  ROI  values  of  these spectra have full-scan MS mass 

accuracy and are used for compound identification using 

the Human Metabolome Database (http://www.hmdb.ca) 

and Lipid Maps (http://www.lipidmaps.org) online 

databases. 

Results 

 
Morphological changes and chlorophyll content 

of cyanobacteria exposed to arsenic 

 
First, morphological changes of cyanobacteria (Anabaena and 

P. agardhii) were assessed after 7 days of arsenic exposure. As 

depicted in the optical microscope images of Fig. 2, 

cyanobacteria filaments showed a visible decrease of green 

coloration along with the increasing concentration of As(III). 

At 2 mM As(III), P. agardhii species presented considerable 

fading of their green pigmentation while Anabaena species 

showed complete discoloration. 

Since green pigmentation in cyanobacteria is associated 

with the composition of photosynthetic pigments like chloro- 

phyll [6], changes in this green pigmentation were first ana- 

lyzed by UV–Visible spectrometry (Fig. 3). 

The absorbance spectra of treated cyanobacteria were re- 

corded. The results showed that absorption bands between 

400 and 500 nm were practically eliminated after arsenic treat- 

ment, especially in the case of Anabaena (Fig. 3A). 

Considering that the main peak of chlorophyll is around 450 

nm [26], the results suggested that the decrease of green 

coloration was related to chlorophyll degradation. An impor- 

tant decline of chlorophyll under arsenic exposure has already 

been described in previous works [4]. Rocchetta et al. [27] 

also showed that algal cells exposed to heavy metals such as 

copper and chromium suffered from multiple biochemical al- 

terations affecting the photosynthesis. In this work, in order to 

study the changes in lipid composition due to As(III) treat- 

ment, an exhaustive untargeted lipidomic study was 

performed. 

 
Chemometric analysis of LC-MS data of cyanobacteria 

exposed to As(III) 

 
The effects of different concentrations (0, 1, and 2 mM) of 

arsenic after 7 days of exposure on the two cyanobacteria 

(Anabaena and P. agardhii) cultures were investigated by 

LC-MS in positive ion mode. LC-MS raw data were first 

normalized (using internal standards and total protein content) 

and compressed according to the ROI strategy (see BMaterials 

and methods^). As mentioned, the use of the ROI strategy 

allowed substantial reduction of computer storage and pro- 

cessing time without losing mass accuracy [15]. 

In Fig. 4, the positive ion mode full-scan LC-MS chro- 

matograms (after selection of the ROIs) are compared for 
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Fig. 2 Light microscope pictures 

of cyanobacteria filaments under 

As(III) treatment. Anabaena (a) 

and P. agardhii (b) cyanobacteria 

species incubated for 7 days with 

0, 1, and 2 mM of As(III) in Blue- 

Green medium 

 
 

 

 

 

 

 

 

 

 

 

 
 

 
 

 

Fig. 3 Chlorophyll absorption spectra of As(III)-treated cyanobacteria. 

Anabaena (a) and P. agardhii (b) exposed for 7 days to 0, 1, and 2 mM 

As(III) (brown, blue, and yellow lines, respectively) 

samples extracted from Anabaena cultures without any 

As(III) treatment (Fig. 4A) to those obtained after 7 days of 

exposure with 1 mM As(III) (Fig. 4B). Distinct features are 

clearly noticed in these chromatograms already showing the 

effects of metal treatment. 

In order to investigate the effects on lipid concentration 

changes in both cyanobacteria cultures due to the As(III) treat- 

ment at 1 and 2 mM, four different MS-ROI column-wise 

augmented data matrices were built. Each new column-wise 

augmented data matrix contained eight MS-ROI individual 

data matrices, the first four being the control replicates and 

the last four the treatment replicates, as explained in 

BMaterials and methods.^ In Fig. 5, the first MS-ROI aug- 

mented matrix for Anabaena at 1-mM As(III) treatment is 

shown as an example. 

The eight chromatographic sections distinguished corre- 

spond to the eight investigated samples. As shown in the pic- 

ture, plots of the LC-MS-ROI data for the control samples 

(four regions on the left) had higher intensity signals than 

the plots of the four 1-mM As(III)-treated samples (four re- 

gions on the right), suggesting an important loss of lipid spe- 

cies concentrations due to the As(III) treatment. 

The augmented LC-MS-ROI data matrices of four control 

and four treated cyanobacteria samples were then analyzed by 

MCR-ALS (see Fig. 1), using non-negativity constraints, to 

resolve elution and spectral profiles of the sample lipid con- 

stituents. MS-resolved pure spectra (ST) were also normalized 

to have the same equal intensity, transferring all relative quan- 

titative information to elution profiles (C). MCR-ALS was 

performed using a large enough number of components (80) 

to explain enough data variance and to assure the resolution of 

a sufficiently large number of elution and MS spectra profiles 

with reasonable chemical shapes. In the four cases, f, the ex- 

plained variances were between 93 and 95 %. A small number 

of the MCR-ALS-resolved components could be related to 

solvent and background contributions, whereas all other had 
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Fig. 4 LC-MS-ROI 

chromatogram of a single sample 

(from one single-data matrix). 

Anabaena control (a) and 1-mM 

As(III)-treated (b) samples. In the 

X-axis are the number of retention 

times in the analysis of one 

sample (giving one data matrix 

with 637 rows or retention times; 

see Fig. 1) 

 

 

 

 
 

reasonable chromatographic and spectral shapes and features. 

Only these ones were investigated in more detail, and their 

concentration changes between the control and As(III)-treated 

samples were estimated. 

Once the elution profiles corresponding to the same com- 

ponent in the control and treated samples of the same aug- 

mented MS-ROI matrix were resolved, they were further an- 

alyzed to assess the possible concentration changes due to 

As(III) treatment. As explained in BMaterials and methods,^ 

this was performed by comparison of the peak areas and/or 

heights of these two types of samples. A statistical Student’s t 

test was used in every case to assess for the statistical differ- 

ence between the peak areas/heights of the elution profiles of 

the same component in the control and treated samples. As an 

example, the MCR-ALS-resolved elution profiles and mass 

spectra for two components that presented significant changes 

 

between controls and treatments are represented in Fig. 6 for 

both Anabaena 1-mM and P. agardhii 1-mM augmented ma- 

trices. On one hand, in Anabaena 1-mM samples on the left of 

Fig. 6, component 79 exhibited an important decrease in the 

treated samples (four sections on the right), as shown in Fig. 

6A, with an m/z ROI value of 800.6217 (Fig. 6B), which was 

further identified as MGDG(36:2). In the case of 

P. agardhii 1-mM samples on the right of Fig. 6, component 

21 presented a similar decreasing profile in the treated samples 

(Fig. 6E). With an m/z ROI value of 551.4229 (Fig. 6F), this 

molecule was further identified as 3-cis-hydroxy-carotene. 

Bar plots of the areas and the heights of the resolved peaks 

in both examples represented in both cases (Fig. 6C, D, G, H) 

also confirmed the changes produced by As(III) treatment. 

In Tables 1 and 2, lipids showing significant changes ac- 

cording to the t test (at the p < 0.05 significance level) are 

 

 
 

Fig. 5 LC-MS-ROI chromatograms of multiple samples (from one 

column-wise augmented data matrix). On the left are four Anabaena 

control samples (section marked on pink slashed square). On the right 

are four 1-mM As(III)-treated samples (section marked on green slashed 

square). In the X-axis are the total number of retention times in the 

analysis of the eight samples (giving one column-wise augmented data 

matrix with 8 × 637 = 5096 rows or retention times; see Fig. 1) 
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Fig. 6 Examples of results obtained in the MCR-ALS simultaneous 

analysis of multiple LC-MS-ROI chromatograms (from the MCR-ALS 

analysis of column-wise augmented data matrices having four control 

samples and four 1-mM As(III)-treated samples; see Eq. 2). Results are 

given for component 79 (left) in the analysis of Anabaena sample and for 

component 21 (right) in the analysis of P. agardhii sample. a, c MCR- 

ALS-resolved elution profiles (Caug in Eq. 2). b, f MCR-ALS-resolved 

MS pure spectra (ST in Eq. 2) with the m/z ROI values at their intensity 

maxima. c, g Bar plots of the integrated peaks areas of each replicate. d, h 

Bar plots of the peaks heights of each replicate 

 

 

listed with their retention times, measured m/z, explained var- 

iance (R2), identified compounds, adduct, calculated m/z, 

mass error (in parts per million), area and height fold changes, 

and p values. These lipids are given and summarized for 

Anabaena and P. agardhii cyanobacteria cultures treated with 

1 and 2 mM As(III), respectively. Most of the listed lipids are 

associated with cyanobacteria membranes and with pigments 

related to the photosynthesis process. Interestingly, at 1-mM 

As(III) treatment (Table 1), a 4- to 5-fold decrease of several 

MGDG species has been detected for both cyanobacteria spe- 

cies. These galactolipids are associated with cyanobacteria 

membrane and are known to be involved in thylakoid mem- 

brane packing and to provide a mechanism for the separation 

of the components of the photosystem within the thylakoid 

membrane [12]. In addition, as mentioned before, we ob- 

served a significant loss in the concentrations of pigments 

related to the photosynthetic system in 1-mM Anabaena sam- 

ples, such as chlorophyll a, and its sub-product, pheophytin a. 

 

Also, we found a large 4-fold decrease of some carotene com- 

pounds such as 3-cis-hydroxy-carotene and carotene-3,3′- 

dione. Carotenes have key roles in light absorption for use in 

the photosynthesis process, as well as a protective role of 

chlorophyll from photodamage [28]. In P. agardhii, we also 

found a significant 5-fold decrease of 3-cis-hydroxy-carotene, 

as has been shown in the example of Fig. 6. Another interest- 

ing feature observed is the decrease of triacylglycerol (51:0), 

only found in Anabaena samples. 

Similar results were obtained for 2-mM As(III) treatment 

(Table 2). In this case, the decrease of MGDGs that showed a 

reduction in their levels at 1 mM was more intense in both 

cyanobacteria. Also, a new MGDG appeared reduced at this 

concentration. In Anabaena samples, the decline of 

pheophytin and carotene concentrations was more pro- 

nounced (more than 10-fold). For P. agardhii samples, 

pheophytin a appeared reduced in the treated samples, and 

the reduction of 3-cis-hydroxy-carotene levels observed at 
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Table 1 Summary of molecules that showed significant changes between untreated and 1-mM As(III)-treated samples for both Anabaena and P. agardhii using the proposed LC-MS-ROI-MCR-ALS 

methodology 

RT Measured m/z R2 Identified compound Adduct calculated m/z Mass error (ppm) Area fold change Height fold change Area p value Height p value 
  

Anabaena 1 mM 

9.12 551.4229 3.0424 3-cis-Hydroxy-b.e-carotene *b M+H 551.4253 4.4 0.21 0.25 0.002 0.001 

5.17 565.4057 0.1326 E.e-carotene-3.3′-dione *b M+H 565.4040 3.0 0.28 0.15 0.041 0.029 

12.93 567.4538 0.7971 Unknown – – – 0.18 0.16 0.003 0.002 

3.49 583.4128 0.1129 Diatoxanthin 3.6-epoxide *b M+H 583.4146 3.0 0.21 0.15 0.001 0.007 

11.55 619.6013 0.1602 Unknown – – – 0.38 0.34 0.001 0.001 

1.32 626.1850 0.2677 Unknown – – – 0.19 0.15 0.015 0.035 

4.58 675.6788 35.879 Unknown – – – 0.40 0.43 0.026 0.019 

16.29 686.6451 0.1356 Unknown –   0.39 0.42 0.004 0.001 

6.16 766.5462 0.815 MGDG(34:5) *a [M+NH4] 766.546 0.3 0.18 0.11 0.016 0.022 

10.21 800.6217 0.1293 MGDG(36:2) *a [M+NH4] 800.6247 3.7 0.33 0.30 0.001 0.027 

18.4 866.8210 1.1585 TG(51:0) [M+NH4] 866.818 3.5 0.11 0.09 0.017 0.032 

11.11 871.5736 4.8752 Pheophytin a*b [M+Na] 871.5737 0.2 0.14 0.21 0.039 0.001 

9.84 893.5477 2.2746 Chlorophyll a*b [M+H] 893.542589 5.7 0.21 0.12 0.018 0.007 

P. agardhii 1 mM 

3.96 310.3083 0.0651 Unknown – – – 0.3 0.4 0.0093 0.0116 

9.15 551.4233 1.4298 3-cis-Hydroxy-b.e-carotene *b M+H 551.4253 3.6 0.2 0.2 0.0101 0.0224 

12.91 567.4542 0.5982 Unknown – – – 0.2 0.2 0.0556 0.0086 

1.66 594.1597 0.165 Unknown – – – 0.2 0.3 0.0336 0.0067 

11.55 619.6026 0.1348 Unknown - - - 0.3 0.2 0.0078 0.0065 

8.06 763.5351 0.3065 MGDG(35:5) *a [M+H] 763.536 1.2 0.2 0.2 0.0172 0.0026 

6.88 768.566 9.202 MGDG(34:4) *a [M+NH4] 768.5627 4.3 0.2 0.2 0.0071 0.0071 

7.22 794.5805 0.24 MGDG(36:5) *a [M+NH4] 794.5776 3.6 0.3 0.1 0.0308 0.0115 

Molecules are ordered by their m/z values. Lipids related to cyanobacteria membranes and pigments related to the photosynthesis process have been marked with *a or *b, respectively. Fold change values 

>1 mean that the concentrations of the compound increased after As(III) treatment. Fold change values between 0 and 1 mean a decrease of compound concentration 
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Table 2 Summary of molecules that showed significant changes between untreated and 2-mM As(III)-treated samples for both Anabaena and P. agardhii using the proposed UPLC-MS-ROI-MCR-ALS 

methodology 

RT Measured m/z R2 Identified compound Adduct Calculated m/z Mass error (ppm) Area fold change Height fold change Area p value Height p value 
  

Anabaena 2 mM 

9.21 550.4159 0.4266 Unknown – – – 0.03 0.010 0.013 0.034 

9.12 551.4229 3.0891 3-cis-Hydroxy-b.e-carotene *b M+H 551.4253 4.4 0.02 0.007 0.002 0.001 

5.17 565.4064 0.1376 E.e-carotene-3.3′-dione *b M+H 565.404007 4.2 0.09 0.039 0.038 0.027 

12.93 567.4544 0.7739 Unknown – – – 0.01 0.001 0.003 0.002 

1.6 594.1601 0.372 Unknown – – – 0.22 0.220 0.001 0.005 

11.55 619.6033 0.1602 Unknown – – – 0.26 0.168 0.001 0.001 

1.38 626.1857 0.2845 Unknown – – – 0.21 0.251 0.035 0.024 

4.58 675.6788 35.492 Unknown – – – 0.27 0.261 0.017 0.008 

16.29 686.6452 0.1242 Unknown – – – 0.10 0.049 0.007 0.003 

6.16 766.5473 0.8663 MGDG(34:5)*a [M+NH4] 766.5463 0.1 0.01 0.001 0.007 0.001 

8.68 772.5933 0.5143 MGDG(34:2)*a [M+NH4] 772.5933 0.0 0.02 0.003 0.010 0.041 

10.21 800.6139 0.1552 MGDG(36:2)*a [M+NH4] 800.6247 13.5 0.13 0.082 0.001 0.014 

11.11 871.5744 4.5519 Pheophytin a*b [M+H] 871.5737 −0.8 0.01 0.001 0.033 0.001 

P. agardhii 2 mM 

3.96 310.3089 0.0631 Unknown – – – 0.10 0.14 0.0098 0.0097 

1.07 495.1252 0.089 Unknown – – – 0.25 0.26 0.0246 0.04 

12.95 536.4350 0.3259 Unknown – – – 0.03 0.03 0.0105 0.0126 

9.13 551.4242 3.0649 3-cis-Hydroxy-b.e-carotene *b M+H 551.4253 2.0 0.03 0.01 0.0032 0.0087 

12.92 567.4532 0.573 Unknown – – – 0.01 0.00 0.0366 0.0076 

1.66 594.1595 0.172 Unknown – – – 0.17 0.17 0.0247 0.013 

11.55 619.6035 0.1387 Unknown – – – 0.13 0.14 0.0064 0.0057 

10.09 680.4791 0.2172 Unknown – – – 0.08 0.04 0.0488 0.0457 

8.07 763.5356 0.3116 MGDG(35:5)*a [M+H] 763.5360 0.6 0.19 0.16 0.031 0.0132 

6.89 768.5644 9.7156 MGDG(34:4)*a [M+NH4] 768.562 3.1 0.04 0.07 0.0033 0.0044 

7.75 770.5815 6.4446 MGDG(34:3)*a [M+NH4] 770.5776 5.1 0.11 0.12 0.0601 0.0471 

6.48 792.5657 4.4156 MGDG(36:6)*a [M+NH4] 792.5620 4.6 0.09 0.09 0.0656 0.0476 

7.23 794.5806 0.2492 MGDG(36:5)*a [M+NH4] 794.5785 2.5 0.07 0.06 0.032 0.0182 

11.15 871.5709 8.1386 Pheophytin a*b [M+Na] 871.5737 3.3 0.06 0.06 0.0427 0.0383 

Molecules are ordered by their m/z values. Lipids related to cyanobacteria membranes and with pigments related to the photosynthesis process have been marked with *a or *b, respectively. Fold change 

values >1 mean that the concentrations of the compound increased after As(III) treatment. Fold change values between 0 and 1 mean a decrease of compound concentration 
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1 mM was more severe (30-fold). The area fold changes of the 

more significant features at 1- and 2-mM As(III) treatments 

for both cyanobacteria species are compared and summarized 

in Fig. 7. 

 

 
 

Discussion 

 
A LC-MS-ROI-MCR-ALS methodology has been pro- 

posed to perform the untargeted lipidomic  analysis  of  two 

cyanobacteria species (Anabaena and P. agardhii) af- ter 7 

days of As(III) exposure at 1 and 2 mM. The ap- plication 

of the ROI strategy allowed the compression of the large 

amount of data from full-scan LC-MS data with- out any 

loss of information. Comparison of the elution profiles 

resolved by MCR-ALS provided information about which 

lipids more significantly changed their concen- tration after 

cyanobacteria exposure to different doses of As(III). The 

results of these analyses revealed strong affecta- tions on the 

concentrations of some chemical constituents in- volved in 

photosynthesis, which is the essential survival pro- cess of 

cyanobacteria. Although the changes were not identi- cal for 

both species of cyanobacteria, the families of com- pounds 

affected were similar and followed the same concen- tration 

reduction pattern. Among the compounds involved in As(II) 

toxicity, the most significant changes were on the con- 

centration levels of some MGDG galactolipid species. These 

compounds are the most abundant lipids in all photosynthetic 

tissues, including those of higher plants, algae, and 

cyanobacteria. They are directly linked to cyanobacteria mem- 

brane, with two main functions: to allow efficient packing of 

the thylakoid membrane and to separate the components of the 

photosystem within the thylakoid membrane [10]. In a previ- 

ous study, it has been shown that a low ratio of MGDG to 

DGDG is crucial to maintain the stability and proper behavior 

of protein membranes [11]. In addition to galactolipids, a sig- 

nificant drop in the concentration of photosynthetic pigments 

was observed. On one hand, in Anabaena, chlorophyll was 

almost completely suppressed, as well as its sub-product, 

pheophytin a. The concentration loss of pheophytin a was also 

observed in the case of P. agardhii at 2 mM of As(III) treat- 

ment. On the other hand, the concentrations of some carotene 

compounds such as 3-cis-hydroxy-carotene and caro- tene-

3,3′-dione were importantly reduced. Whereas chlo- rophyll 

a has a key role in absorbing energy from light   and acting 

as a primary electron donor in the electron transport chain of 

photosynthesis, carotenes behave as allied compounds to 

chlorophyll in the photosynthetic process as they are able to 

absorb light energy and transfer it to chlorophylls and also 

to protect chlorophyll from photodamage. This loss of 

pigmentation is in agreement with the observed 

discoloration of cyanobacteria and with the alterations of 

the UV spectra   of the chlorophyll of both species  (the  

results  suggest  that chlorophyll a is degraded to pheophytin 

a, which in turn is also reduced). The strong reduction of 

pigment concentration levels together with the reduction of 

ga- lactolipid concentration levels indicated that As(III) ex- 

posure induced a collapse of the photosynthetic process. 

 

 

Fig. 7 Areas fold change 

representation of the common 

changing lipids observed at 1 and 

2 mM of As(III) treatment for the 

two cyanobacteria species. 

Common changes between the 

two As(III) concentrations for 

Anabaena (a) and P. agardhii (b). 

The statistical significance of each 

bar is represented with asterisks: 

*p < 0.05, **p < 0.01, 

***p < 0.005 
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Altogether, a general disruption of the photosynthetic pro- 

cess has been detected after As(III) treatment in both 

cyanobacteria species, which reveals the strong toxicity in- 

duced by this metal, present in a variety of contamination 

sources. 

 

 

Conclusions 

 
The combination of a non-target methodology based on  the 

use of the regions of interest (ROI) and multivariate curve 

resolution analysis on LC-MS full-scan data has  been 

shown to be a powerful approach for the investiga- tion of 

major lipidomic changes in cyanobacteria cultures when 

exposed to the highly toxic metal As(III). Lipid 

composition changes on Anabaena and P. agardhii 

cyanobacteria cultures when exposed for 7 days to As(III) 

showed that these changes were mainly associated with 

changes in the thylakoid cyanobacteria membrane 

composition (MGDG) and with photosynthetic compounds 

such as chlorophyll a and some carotenoids. Overall, the 

results of this study suggested that the presence of increas- 

ing concentrations of As(III) induced the collapse of the 

whole cyanobacteria photosynthetic process. 
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1. NIR e ATR-FTIR 

 
 As infecçõe bacterianas possuem um representação significativa quanto se 

trata de causas de morbidade e mortalidade humana, com alta taxas de 

mortalidade relacionadas ao tempo de diagnóstico por métodos tradicionais e 

tratamentos tardios. Devido a isso a proposta de classificação multivariada 

combinada com a espectroscopia na região do infrvermelho (NIR e ATR- 

FTIR) pode ser justificada, pois a mesma possui precisão, velocidade  e baixo 

custo efetivo quando comparados aos métodos convencionais de diagnóstico.

 Os modelos de classificação propostos foram aplicados nos espectros NIR e 

ATR-FTIR obtidos a partir de amostras de Staphylococcus aureus em cinco 

concentrações diferentes em sangue humano (Capítulo 2), DNA de Klebsiella 

pneumoneae produtora e não produtora de Carbapenemase (Capítulo 3), 

colônias de Pseudomonas aeruginosa sensível e resistente (Caoítulo 4). Com 

taxas de classificação e valores de sensibilidade significativos.

 O GA-LDA apresentou melhor desempenho em relação a sensibilidade, em 

todos os casos, com maior eficiência nos grupos alterados, possibilitando o 

diagnóstico correto destes e tratamento adequado. Em geral, os métodos de 

seleção de variáveis (GA e SPA, particularmente o primeiro) apresentaram 

melhores resultados de desempenho em comparação com a redução de 

variáveis pelo método (PCA). Foi notável a melhora no desempenho 

alcançado com o uso dos métodos de seleção de variáveis.
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 As diferenças espectrais encontradas tiveram suas bandas atribuídas a 

(Capítulo 2) lipídeos, proteínas [Amida II (~1550 cm-1) e C=o de aminoácidos 

(~1400 cm-1)] e vibrações de DNA (~1080 cm-1), (Capítulo 3) assinaturas de 

DNA/RNA (-1756 nm), amidas secundárias (~1632 nm) e (Capítulo 4) C-H de 

lipídeos (1102 e 1108 nm).

 O desempenho na classificação das bactérias já mencionas nos Capítulos  2, 

3 e 4 proporcionou uma perspectiva de detecção precoce da presença de 

bactérias e até mesmo de resistência bacteriana, implicando em um método 

mais rápido e barato de diagnóstico, podendo ser um método de suporte  aos 

métodos convencionais.

 
 

2. LC-MS 

 As cianobactérias, quando submetidas a fontes de contaminação por metais 

pesados, apresentam alterações em seu processo fotossintético. Avaliando 

que é atribuído as cianobactérias 50% da fotossíntese terreste, sendo uma 

das principais contribuintes para o ciclo de oxigênio global, pode ser justificado 

a proposta de desenvolver um método de detecção das mudanças que 

ocorrem na estrutura células dessas bactérias quando expostas a diferentes 

concentrações de Arsênio na forma de A2O3.

 Devido aos processos fotossintéticos ocorrerem na membrana tilacóide esta 

ser basicamente composta por lipídios, esse estudo avaliou o perfil lipidômico 

dessas bactérias por cromatografia líquida acoplada com espectrometria de 

massa.

 A combinação do MCR-ALS utilizando as regiões de interesse (ROI) em dados 

de LC-MS mostraram-se potenciais na determinação de mudanças no perfil 

lipidômicos da Anabaena sp. e Planktothrix agardhii quando expostas a 

Arsênio(III) durante 7 dias.

 As massas majoritárias encontradas estão relacionadas com galactolipideos 

(MGDG), clorofila e alguns carotenoides.

 
 

3. Perspectivas futuras e recomendações 
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 Avaliar outras espécies de bactérias e verificar a eficiencia das mesmas 

com os métodos espectroscópico NIR e ATR-FTIR em conjunto com 

métodos de seleção de variáveis SPA-LDA e GA-LDA ampliando o 

espectro amostral, possibilitando uma maior aplicabilidade em rotinas 

laboratoriais. 

 Miniaturização de instrumentos para medições de campo que empregam 

LEDs que emitem radiação em comprimentos de onda previamente 

selecionados (por exemplo, UV, Vis, NIR e IR), para uso portátil desta 

técnica, podendo ser aplicadas ‘in locu’. 

 Validar os método e padronizar a operacionalização, para posterior 

aplicação como método padrão de diagnóstico. 
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Abstract: Cyanobacteria, the only known prokaryotes that perform oxygen- 

evolving photosynthesis, are receiving strong attention in applied research . This 

paper shows the application of hyperspectral Raman imaging combined with 

multivariate curve resolution-alternating least squares (MCR-ALS) to study 

changes on the concentrations of biological substances when two cyanobacteria 

strains (Anabaena sp. and Planktothrix agardhii) were  exposed to different 

concentrations of Arsenic.. Our strategy allowed the estimation of the relative 

concentration and spectra profiles of the main components of the samples 

exposed to different concentrations of arsenic, as well as of blank unexposed 

samples, showing how they change after one-week time of treatment with the 

metal. Comparison of concentration distribution maps resolved by MCRALS in 

control and exposed samples, makes possible to observe the distributions of 

chlorophyll, sugars (glucose, galactose), and uronic acids in these cyanobacteria 

samples. As a conclusion of this work, hyperspectral Raman imaging coupled to 

the MCR-ALS method has been confirmed to be an appropriate tool to investigate 

how the presence of arsenic causes changes in the behavior of certain 

endogenous cyanobacteria metabolites after As(III) treatment over time. 

 
 
 
 
 
 
 

 
Keywords: cyanobacteria; hyperspectral images; Raman; MCR-ALS; As(III). 
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Introduction 

 

In the last years, hyperspectral imaging associated with vibrational 

spectroscopies (Near Infrared, Fluorescence and Raman) has gained increasing 

interest in different research and applied areas such as in food,1 environmental,2 

research,3 biomedical4 and pharmaceutical5,6 fields. This technique provides 

spatial information about the distribution of chemical components on the scanned 

area, generating data sets which can be arranged in three dimensions, two spatial 

dimensions which describes the mapped area and one spectral dimension 

associated with spectral variables.7 Hyperspectral images result from 

multiwavelength spectroscopy readings of hundreds of contiguous spatial 

positions (pixels) of the target sample.8
 

Raman spectroscopy presents significant interest due its high specificity, 

low sensitivity to water and requirement for minimal sample preparation.9 Raman 

is a scattering phenomenon as opposed to absorption/emission in fluorescence 

and its active molecules are more photostable compared with fluorophores, which 

are rapidly photo bleached for this narrow spectral features can be separated 

from the broad band autofluorescence10. Raman imaging is a powerful technique 

for the analysis of various kinds of biological targets such as cells, tissues, and 

living organisms11. It gives large amounts of spatially  resolved biochemical 

(proteins, nucleic acids, lipids and CH2 groups)12 data. Raman spectroscopy can 

differentiate the spectral fingerprint of many molecules, resulting in very high 

multiplexing capabilities. 

Multivariate Curve Resolution Alternating Least Squares (MCR-ALS) is a 

chemometric tool applied to resolve multiple component responses from 
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unknown unresolved mixtures as described in13–16. MCR-ALS has been already 

applied to extract relevant information from Raman images 17,18 for different type 

of biological samples.5,19 This method has some features which can be adapted 

to  different type of three-way data such as: i) it can be used with different  model 

complexities (trilinear and not trilinear); ii) it has a simple algorithmic 

implementation based on matrix inversion; iii) eigenvalue–eigenvector 

decomposition of the experimental data matrix is used to determine the number 

of independent contributions; iv) it means that several constraints can be simply 

applied during the ALS optimization with increasing reliability of the solutions 

obtained.20
 

The aim of this work was to test the feasibility of the developed method 

using Raman images of two cyanobacteria (Anabaena sp. and Planktothrix 

agardhii) combined with MCR-ALS to evaluate possible changes on biological 

substances when these cyanobacteria are exposed to different concentrations (1 

and 2 mM) of Arsenic. Cyanobacteria are the only known prokaryotes that perform 

oxygen-evolving photosynthesis, commonly found in diverse environments 

including marine and freshwater, as well as in terrestrial habitats.21 When these 

cyanobacteria are exposed to a metal, such as arsenic, the photosynthesis is 

influenced negatively .22,23 Arsenic (As) is considered to  be one of the most toxic 

metal substances for the environments.24 Several studies have shown the 

responses of different microorganisms exposed to this metal, such as the 

demethylation process in fungi,25 the contamination of food and its 

bioaccumulation26 and transformation and release in Microcystis.27
 

This work is divided in three sections: first, experimental details on how the 

cyanobacteria cells were exposed to As (III) and on their analysis by Raman 
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spectroscopic imaging are described. Second, the application of MCR-ALS for 

the simultaneous analysis of these Raman images on two different species of 

cyanobacteria at different concentrations of Arsenic is given. Finally, from the 

results obtained, preliminary identification of the cyanobacteria chemical 

constituents that changed with As(III) exposure and the possible biochemical 

implications are discussed. 

Materials and methods 

 

Cyanobacterial culture and arsenic exposure 

 

Anabaena sp. and Planktothrix agardhii from Culture Collection of Algae 

and Protozoa (CCAP1403/21 and CCAP1459/11 respectively, SAMS Limited) 

were cultivated aseptically in 500 mL Erlenmeyer flasks containing Blue-Green 

medium (http://www.ccap.ac.uk/media/documents/BG11.pdf) at 25 ºC under 

continuous fluorescent white light with an intensity of 15 µmol m-2 s-1, until an 

optical density of 0.1-0.2 at 750 nm (OD750) was reached. Then, the cultures 

were transferred to 50 mL Falcon flasks with different concentrations (0, 1 and 2 

mM) of As(III) (As2O3, Sigma) and cells were maintained in the mentioned 

conditions for 7 days. 

Raman imaging 

 

The hyperspectral Raman image were obtained with a DXRXi Raman 

microscope (Thermo Scientific Inc., USA) and the OMNICxi software (Thermo 

Scientific Inc., USA), coupled to a 455 nm wavelength laser. The 0.90/100x 

objective was used. The maps were recorded with spatial resolution of 1µm in 

both directions. The integration time was equal 0.16s and fixed for each scan. 

One drop of each sample (Anabena sp. and Planktothrix agardhii with 0, 1 and 

http://www.ccap.ac.uk/media/documents/BG11.pdf
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2 mM of As(III) )was dispensed on a silica-glass slide and leave to dry and a 

single spectrum in each point was recorded in the range 3400-150 cm-1 with 8 

scans. The laser power was 1.5 mW. Six Raman maps were captured with 14x20 

points for Ana00 (control), 15x19 points for Ana01 (1mM), 15x14 points for Ana02 

(2mM), 24x14 points for Pltx00 (control), 16x22 points for Pltx01 (1mM) and 

23x15 points Pltx02 (2mM). 

Data analysis and pre-processing 

 

In this work, the Raman image data files in HDR format were uploaded into 

the MATLAB (version R2012b, The Mathworks Inc,) using the functions 

read_envihdr and envidataread2 of the Bioinformatics Toolbox (The Mathworks 

Inc.). Asymmetric least squares (AsLS) and Savitzky–Golay (SG) smoothing 

methods were applied to eliminate undesired light scattering, instrumental, and 

background effects,28 as shown in Figure 1 for an image data (Anabaena sp. 

without As(III) exposure) example. 

 
 
 
 

 

 

 
Fig. 1. A. Raw data spectra of Anabaena sp. without As(III) exposure, B. 

Anabaena sp. spectra after AsLs + SG pretreatment, C. Raw data spectra of 
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Planktothrix agardhii without As(III) exposure, D. Planktothrix agardhii spectra 

after AsLs + SG pretreatment. 

Asymmetric least squares (AsLs) is a pretreatment method proposed by 

Eilers29 that remove the possible baseline and background contributions. In the 

Raman case, AsLs reduced well the fluorescence contribution in the measured 

spectra. Savitzky–Golay30 is a smoothing technique used in this paper to remove 

the noise contributions of Raman signals with a window of five points width and 

first polynomial degree. 

Chemometric data analysis 

 

The Multivariate curve resolution–alternating least squares method has 

been already used for the analysis of the hyperspectral images31–33 due to the 

easy of the introduction of the external spectral and spatial information about the 

image during its resolution and to the ability to work with single and multiset image 

arrangements. MCR-ALS is used to decompose the hyperspectral images into 

their signatures or pure spectra of the image constituents and into their 

concentration (relative amounts) on the image (distribution map).31 A brief 

description of MCR-ALS in given here, for more information about it see the 

references.14,20,34 This method suppose that the mixture spectra in every pixel can 

be described as a linear combination of the spectra of the constituents weighted 

by their relative amounts. MCR-ALS performs a bilinear decomposition of a data 

matrix that can be described as: 

𝐃 = 𝐂𝐒𝐓 + 𝐄 Equation 1 

 

where D is the raw data matrix (original raw pixel mixture spectra). To apply the 

MCR-ALS, the hyperspectral data cube is unfolded into a D matrix, as shown in 
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Figure 2. C is the matrix of the relative concentrations of the chemical constituents 

present in the pixels of the scanned image (from which their spatial distribution 

maps can be derived), ST is the matrix of their pure spectra (spectral signatures 

of the chemical constituents) and E has the experimental error in the raw

 measurement.s 
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Fig. 2. Schematic representation of the bilinear matrix decomposition of a 

hyperspectral image using the MCR-ALS method. 

A flowchart of the main steps of the MCR-ALS algorithm 17 when applied 

to hyperspectral images is illustrated in t Figure 3. 

 

 
 

 

 

 

 

 

 

 

 



89  

 
 

 
 
 

Fig. 3. Flowchart for general steps of MCR-ALS algorithm 

 

MCR-ALS can be easily extended to the analysis of multiple data matrices. 

When multiple images are simultaneously analyzed, every sample image are 

folded in a data matrix and arranged in a new column-wise augmented data 

matrix, with the spectral, λ, direction in the common columns dimension. See 

previous works where this approach has been explained in detail 38,39. In this 

work, the simultaneous MCR-ALS analysis of the hyperspectral images coming 

from the different samples of cyanobacteria culture (three of Anabaena sp. and 

three of P. agardhii) under different concentrations of As(III) (0, 1 and 2 mM of 

As(III) from As2O3) was performed using the column-wise augmented matrix, 

previously described, and the bilinear model that can be written in matrix form as: 
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Daug = [D1;D2;D3] = [C1;C2;C3] S
T + [E1;E2;E3] = CaugST + Eaug Equation 2 

 
where Daug is the column-wise augmented matrix that has the data images from 

the three cyanobacteria samples at the different As(II) concentrations. According 

to equation 2, Daug augmented data matrix, is decomposed by the extension of 

the same bilinear model as in Equation 1, but now for the simultaneous analysis 

of multiple data matrices (hyperspectral images). Caug in Equation 2, is the 

column-wise augmented matrix with the relative concentrations of the 

constituents (distribution maps) at every pixel coordinates of every individual 

hyperspectral image corresponding to a individual cyanobacteria sample. ST in 

Equation 2 has the pure spectra of these different constituents resolved by MCR-

ALS. Note that these spectra will be the same (common) for all the simultaneously 

analyzed hyperspectral images (cyanobacteria samples in D1, D2 and D3 data 

matrices). 

In the MCR-ALS procedure, Equations 1 and 2 are solved by an alternating 

least squares (ALS) optimization under a set of constraints. In this case, non-

negativity constraints were applied to both, to the image concentrations, C or 

Caug, and to the pure spectra, ST (Equations 1 and 2). Furthermore, to avoid scale 

ambiguities during ALS, spectra normalization was also applied. 

After the application of MCR-ALS, the identification of every one of these 

three other components resolved by MCR-ALS was performed by comparison of 

the Raman bands with those previously reported in the literature.35, 36 Finally to 

evaluate the quality of the fitting achieved with MCR-ALS, the percentage of 
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∑𝐢𝐣 𝐝
𝟐

 

𝐢𝐣 

𝟐 𝐢𝐣 

lack-of-fit (lof, give a measure of fit quality in relative terms with the same units as 

the measured data and comparable with experimental relative error estimations) 

(Eq. 2) and the percentage of explained variance (R2) (Eq. 3) are calculated with 

the equations above: 

 

𝐥𝐨𝐟(%) = 𝟏𝟎𝟎 × √
 ∑𝐢𝐣 𝐝𝐢𝐣−𝐝´𝐢𝐣 

 

𝐢𝐣 

 

(2) 
 
 

 ∑𝐢𝐣 𝐞
𝟐

 
𝐑   = 𝟏𝟎𝟎 × (𝟏 − ) 

∑𝐢𝐣 𝐝
𝟐

 

 

(3) 

 

where dij is the element of the hyperspectral image data matrix D, and d´ is the 

corresponding element of this data matrix recalculated by the ALS model. Here, 

eij are the elements of the E matrix, and dij are the elements of the raw data set 

D. 

 
 

 
Results and discussion 

 

Images obtained with Nikon eclipse 90i microscope using a 60x oil 

objective equipped with Nikon DS-Ri1 digital camera of cyanobacteria (Anabaena 

sp. and Planktothrix agardhii) samples showing morphological changes when 

As(III) was added at  different concentrations (0, 1 and 2 mM) are given in Figure 

4. 
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Fig. 4. Microscope images of Anabaena sp. and Planktothrix agardhii in 

presence of 0, 1 e 2 mM of arsenic. 

 
 

As shown in Figure 4, the increase in the concentration of arsenic in the 

culture medium, caused a fading of green pigmentation, being more intensively 

observed in Anabaena sp. cells. This coloration can be associated to changes in 

the composition of photosynthetic pigments, such as chlorophyll (see reference 

36). 
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Fig. 5. Raman spectra pure and pre-treated with AsLs and Savitzky-Golay after 

7 days of exposure to different arsenic concentrations of A. Anabaena sp. [0 mM], 

B. Anabaena sp. [1 mM], C. Anabaena sp. [2 mM], D. Plaktothrix agardhii [0 mM], 

E. Plaktothrix agardhii [1 mM] and F. Plaktothrix agardhii [2 mM]. 

 
 

Figure 5 shows the raw Raman spectra of the different analyzed Anabaena 

sp. (A, B and C) and Plaktothrix agardhii (D, E and F) samples (images), and the 

same spectra once they have been pretreated with Asymmetric Least Squares 

(AsLs) and Savitzky-Golay (SG). Unwanted contributions like light scattering, 

instrumental noise and baseline effects were significantly reduced using the 

combination of these two pretreatment methods. Fluorescence major 

contributions were removed satisfactorily cutting their contributions in the spectral 

range 2400-2200 cm-1. 

Table 1 and 2 summarize the MCR-ALS results obtained for raw and 

pretreated (AsLs + SG) Anabaena sp data. Good data fitting results were 

obtained with pretreated data, with a significant improvement when compared to 

results with raw data. The same results can be seen in Table 2 to Planktothrix 

agardhii data. Best MCR-ALS results are given in italic in both Tables. 

Table 1: MCR-ALS results of Raman hyperspectral imaging Anabaena sp. data. 
 

 

Constraints Anabaena_0MM Anabaena_01M 

M 

Anabaena_02MM 

 Lack of fit 
 

(%) 

R2(% 

) 

Lack of fit 
 

(%) 

R2(% 

) 

Lack of fit 
 

(%) 

R2(%) 

Raw data 
      

Non-negativity 12.6 78.7 21.7 65.6 41.2 49.2 
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Pretreated 

data (AsLs + 

SG) 

      

Non-negativity 2.4 95.8 2.40 95.8 1.2 95.6 

 
 
 
 

 

Table 2. MCR-ALS results of Raman hyperspectral imaging Plaktothrix agardhii 
 

data 
 

Constraints Planktothrix_0M Planktothrix 

_01MM 

Planktothrix _02MM 

 Lack of fit 
 

(%) 

R2(% 

) 

Lack of fit 
 

(%) 

R2(%) Lack of fit 
 

(%) 

R2(%) 

Raw data 
      

Non-negativity 22.5 76.5 24.8 70.7 22.5 76.3 

 
Pretreated 

data (AsLs + 

SG) 

      

Non-negativity 6.7 92.8 10.2 91.1 4.9 97.1 

 
 

The two cyanobacteria augmented data matrices, , one with the 3 

samples Anabaena sp. and another one with the 3 samples Planktothrix agardhii 

at the different As(III) concentrations were then built up (and analyzed by MCR-

ALS (see method section) using non-negativity constraints to concentration and 

spectra profiles (as mentioned in Materials and methods section). MCR-ALS was 

applied to these two augmented data matrices using 3 components. When more 

components were used no additional information was 
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obtained related to the changes in the composition of the analyzed cyanobacteria 

samples Table 3 shows final MCR-ALS data fitting results for the two augmented 

matrices of Anabaena sp. and Plaktothrix agardhii with three components. In this 

case only the MCR-ALS results for the pretreated data are shown. 

 
 

Table 3. MCR-ALS results of Raman hyperspectral imaging Anabaena sp. and 
 

Plaktothrix agardhii augmented data matrices, 
 

Constraints Anabaena_aug Planktothrix _aug 

Pretreated 

data (AsLs + 

SG) 

Lack of fit 
 

(%) 

R2(% 

) 

Lack of fit 
 

(%) 

R2(%) 

Non-negativity 2.61 94.68 7.47 90.41 
 
 

 

 

Figure 6. Shows the Raman spectral signatures resolved by MCR-ALS for 

Anabaena sp (components A, B and C) and P. agardhii samples (components D, 

E and F) when they were exposed to As(III) . Anabaena sp component A, showed 

intense Raman bands below 700 cm-1 and at 900-1000 cm-1 (magnesium 

vibrations) and ~ 1100-1600 cm-1 (CC and CN bonds).) Raman spectral 

signatures of component C (Figure 7.1c Anabaena sp.) and of component F 

(Figure 7.2c , P. agardhii) show bands at ~ 1500 cm-1 (C = C), ~ 1150 cm-1 (CC) 

and ~ 1000 cm-1 (C-CH 3) ). Raman spectral signatures of components B (Figure 

7.1b), D (Figure 7.2) and E (Figure 7.2b) have bands at 1200- 1900 cm-1  and 

500-800 cm-1, 800-1200 cm-1  and 300 cm-1, 1150 cm-1
 

(CC) , 1361 cm-1  and 1500 cm-1  (C = C) respectively. When compared to library 
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spectrum this resulted appear similar to the Raman spectra of Algae with 

carotenoids and chlorophyll composition as defined in a previous work.36, 37
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99  

 

 
 

 
 

 

Fig. 6. Resolved MCR-ALS spectra for each component. 6a). Anabaena sp.- 

component A, 6b). Anabaena sp.- component B, 6c). Anabaena sp.- component 

C, 6d). P. agardhii- component D, 6e). P. agardhii- component E and 6f) P. 

agardhii- component F. 

Figure 7 gives the spatial distribution (maps) of the three different 

components resolved by MCR-ALS for Anabaena sp. and Planktothrix agardhii 

samples at the different investigated concentrations of As(III) (A, B, C for 

Anabaena sp., and D, E and F for Planktothrix agardhii). A decrease in the 
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presence of the first component (A) can be observed. This component decreased 

drastically when twice the concentration of As(III) was added. In the maps B and 

C As(III) causes also changes in the contributions of MCR-ALS components 2 

and 3 . In the same way MCR-ALS components related to Planktothrix agardhii 

(D, E and F) show the changes produced by As(III), with increasing and reduction 

on the contribution of these components and on the concentration of the chemical 

compounds associated to them. 

 
 
 
 
 

 

 
 
 

! 
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Fig. 7. Raman image of A. Anabaena sp. without As(III), B. Anabaena sp. with  1 

mM of As(III), C. Anabaena sp. with 2 mM of As(III), D. P. agardhii without As(III), 

E. P. agardhii with 1 mM of As(III) and F. P. agardhii with 2 mM of  As(III). The 

letters are the components, and the columns the concentrations! 

 
 

Conclusions 

 

In this paper, Raman hyperspectral images of two cyanobacteria species 

(Anabaena sp. and Planktothrix agardhii at different concentrations of arsenic 

(As(III)) were analyzed with the Multivariate Curve Resolution – Alternating Least 

Squares (MCR-ALS) method. ). As results of this analysis showed that the 

presence of arsenic (As(III)) during the growth of these two cyanobacteria 

(Anabaena sp. and Planktothrix agardhii) affected strongly the molecular 
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structures  associated to the photosynthetic processes such as chlorophyll a 

and b and carotenoids. 
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Captions for Figure 

 

Fig. 1. (A) Raw data spectra of Anabaena sp. without As(III) exposure; (B) 

Anabaena sp. spectra after AsLs + SG pretreatment; (C) Raw data spectra of 

Planktothrix agardhii without As(III) exposure; (D) Planktothrix agardhii spectra 

after AsLs + SG pretreatment. 

Fig. 2. Schematic representation of the bilinear matrix decomposition of a 

hyperspectral image using the MCR-ALS method. 

Fig. 3. Flowchart for general steps of MCR-ALS 

 

Fig. 4. Images of Anabaena sp. and Planktothrix agardhii in presence of 0, 1 e  2 

mM of arsenic. 

Fig. 5. Raman spectra pure and pre-treated with AsLs and Savitzky-Golay after 

7 days of exposure to different arsenic concentrations of A. Anabaena sp. [0 mM], 

B. Anabaena sp. [1 mM], C. Anabaena sp. [2 mM], D. Plaktothrix agardhii [0 mM], 

E. Plaktothrix agardhii [1 mM] and F. Plaktothrix agardhii [2 mM]. 

Fig. 6. Raman image of A. Anabaena sp. without As(III), B. Anabaena sp. with  1 

mM of As(III), C. Anabaena sp. with 2 mM of As(III), D. P. agardhii without As(III), 

E. P. agardhii with 1 mM of As(III) and F. P. agardhii with 2 mM of  As(III). 

Fig. 7. Spectra recovered to each component 1a. Anabaena sp.- component A, 

1b. Anabaena sp.- component B, 1c. Anabaena sp.- component C, 2a. P. 

agardhii- component D, 2b. P. agardhii- component E and 2c. P. agardhii- 

component F.
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