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Abstract 
Background and Goals: A novel coronavirus strain, SARS-CoV-2, emerged in late 2019, generating a viral 

epidemic. This new, highly transmissible strain outnumbered both SARS and MERS in terms of affected people. 

Symptoms of the novel virus included fever, cough, and chest pain, as well as dyspnea and bilateral lung infiltration 

in severe instances. Due to the relevance of the COVID pandemic, this thesis aims to develop a predictive model 

for the outcome of critically ill patients based on a metabolomic serum analysis, namely Fourier-transform infrared 

spectroscopy and mass spectrometry. 

Methods: Two assay groups were analysed. The first experiment examined the influence of two distinct extraction 

techniques for metabolite extraction, as well as a prediction model for the patients' outcome (n=6) using serum 

data. The second test used a larger sample size (n=24) and examined metabolite expression based on the patient's 

condition (discharged, deceased, and invasive mechanical ventilation), along with the development of an outcome 

prediction model, using metabolite analysis. This work was carried out applying FTIR and LC-MS systems, as 

well as multivariate analytic software. 

Results: The findings of the first assay demonstrated that utilising methanol as a solvent for metabolite extraction 

resulted in a larger lipidic profile in the samples as compared to the methodology employing an 

acetonitrile:methanol:water solvent mixture, which resulted in a higher peptide output. With an Area Under the 

Curve of 0.98 and a Classification Accuracy of 0.97, machine learning algorithms predicted the patients' prognosis. 

In the second experiment, just the acetonitrile:methanol:water procedure was used, and the metabolite and putative 

metabolism profile of each group was deduced from mass spectrometry data. Classification accuracies of 1.00 

were achieved for prediction of patient ventilation and outcome between non-ventilated and deceased ventilated 

patients, and 0.97 for outcome prediction between ventilated discharged patients and deceased ventilated patients. 

Conclusions: Irrespective from the positive results obtained with the algorithms for predicting patient outcomes, 

it is crucial to note that the study samples were quite small. As a conclusion, further research is necessary to 

confirm the results of this study. 

Keywords: COVID-19; Fourier Transform Infrared Spectroscopy; Mass Spectrometry; Liquid Chromatography; 

Metabolomics; Principal Component Analysis; Biomarkers; Machine Learning 
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Resumo 
Introdução e Objetivos: Uma nova estirpe de coronavírus, SARS-CoV-2, surgiu no final de 2019, o que gerou 

um surto pandémico. Esta nova variante altamente transmissível superou tanto a SARS quanto a MERS em termos 

de pessoas infetadas. Os sintomas deste novo vírus incluem febre, tosse e dor torácica, assim como dispneia e 

infiltração pulmonar bilateral em casos graves. Devido à relevância da pandemia COVID, esta tese tem como 

objetivo desenvolver um modelo preditivo para o prognóstico de doentes críticos com base em análise 

metabolómica de soro nomeadamente espectroscopia de invravermelho por transformada de Fourier e 

espectrometria de massa. 

Métodos: Dois ensaios foram analisados. A primeira análise verificou o impacto de duas técnicas de extração 

distintas para extração de metabolitos, bem como um modelo de previsão para o desfecho clínico dos doentes 

(n=6). O segundo teste usou uma amostra maior (n=24) e examinou a expressão de metabolitos com base na 

condição do paciente (alta, falecimento e ventilação mecânica invasiva), juntamente com o desenvolvimento de 

um modelo de previsão do desfecho clínico. Este trabalho foi realizado com recurso a sistemas como o FTIR e 

LC-MS bem como software de análise multivariada. 

Resultados: Os resultados do primeiro ensaio demonstraram que a utilização de metanol como solvente para 

extração de metabolitos conferiu um perfil mais lipídico às amostras em comparação com a extração com 

acetonitrilo:metanol:água que resultou numa amostra com um perfil mais peptídico. Os modelos de previsão 

obtiveram resultados de área debaixo da curva de 0.98 e precisão de classificação de 0.98 para o desfecho dos 

doentes. No segundo ensaio foi utilizado apenas o protocolo acetonitrilo:metanol:água, e os metabolitos e suposto 

metabolismo de cada grupo foram identificados por espetrometria de massa. Precisões de classificação de 1.00 

para o desfecho entre doentes não ventilados e ventilados ambos com alta e entre não ventilados com alta e 

ventilados falecidos, e de 0.97 entre ventilados com alta e ventilados falecidos para a predição do desfecho clínico 

foram alcançadas nas comparações entre grupos. 

Conclusões: Independentemente dos resultados promissores dos algoritmos de predição, é crucial afirmar que as 

amostras de estudo são pequenas. Como conclusão, mais pesquisas com tamanhos amostrais superiores são 

necessárias para corroborar os resultados obtidos. 

Palavras-chave: COVID-19; Espectroscopia de Infravermelho com Transformada de Fourier; Espectrometria de 

massa; Cromatografia Líquida; Metabolómica; Análise de Componente Principal; Biomarcadores; Aprendizagem 

Automática. 
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Chapter 1 

1.1. Introduction 
Coronaviruses are a diverse group of viruses capable of triggering mild to severe respiratory infections on the 

Human species. In 2002 and 2012, two zoonotic viruses, SARS-CoV (Severe Acute Respiratory Syndrome 

Coronavirus) and MERS-CoV (Middle East Respiratory Syndrome Coronavirus) emerged, causing serious 

damage on the respiratory tract on the Human species [2]. 

In late 2019, a new coronavirus variant arose in many hospital units in Wuhan, China, causing an endemic viral 

outbreak. This new variant, highly transmissible, surpassed both SARS and MERS in terms of the number of 

infected individuals. Similarly to the former, the new virus symptoms included pneumonia, fever, cough and chest 

discomfort, and in severe cases, dyspnea and bilateral lung infiltration [3,4]. 

Through RNA metagenomic sequencing of the recovered virus from bronchoalveolar lavage fluid from patients 

with severe pneumonia, it was possible to identify that scientists were dealing with a new and unidentified 

coronavirus [5]. 

Meanwhile, the incidence in Wuhan spread to other Chinese provinces, thanks to the heavy population flow due 

to the New Year Chinese Festival. On January 30, WHO declared the novel coronavirus outbreak a public health 

emergency of international concern, naming it 2019-nCoV [6]. In february 2020, WHO (World Health 

Organization) officially declared the outbreak of the disease as COVID-19, while the ICTV (International 

Committee on Taxonomy of Viruses) recognizes this new virus as a SARS-CoV genetic variant related to species 

Severe Acute Respiratory Syndrome-Coronavirus, and designates the new species as SARS-CoV-2 [7,8]. 

In March 2020, the WHO classified the disease as a pandemic [9]. Despite the genetic evidence pointing out that 

SARS-CoV-2 is a virus present in nature and of zoonotic origin, there is still no consensus on when and how the 

virus entered the human species. Some experts pointed to its presence in the seafood market in Wuhan, however, 

with the development of the pandemic, fewer and fewer cases were linked to the Wuhan market, pointing to origins 

beyond this, with human transmission currently being the largest vector of spread of the disease [5,10]. 

1.2. Objectives 
Due to the relevance of the COVID pandemic, this thesis aims to develop a predictive model for the diagnosis of 

the outcome of this disease, as well as for the prognosis in critically ill patients, based on a metabolomic analysis 

of their serum. This is an observational and prospective study, without interference in the assessment, diagnosis, 

and therapy of patients. This work is part of a larger project, already approved by the Ethics Committee of the 

Hospital (Centro Hospitalar Universitário Lisboa Central), under all legal and ethical considerations. Samples will 

be analyzed using Fourier-Transform Infrared spectroscopy (FTIR) and UHPLC-MS/MS untargeted 

metabolomics workflows. 

Samples will be analyzed by a microplate FTIR reader for high-throughput screening IR spectroscopy used for 

measurements in the mid infrared range, and each serum sample will be divided into aliquots for Reverse Phase 

(RP) / UHPLC-MS / MS analysis, ESI operated in both modes (±), and for Hydrophilic interaction liquid 

chromatography (HILIC) / UHPLC-MS / MS analysis, ESI (±). A high-resolution quadruple time of flight (QqTOF 

Impact II) mass spectrometer will be used. 
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Chapter 2 - Literature Review 

2.1. SARS-CoV-2 Taxonomy, Characterization, and Replication 
Coronaviruses (CoVs) are a family of non-segmented, encapsulated, nucleocapsid, positive-strand RNA (+ssRNA) 

viruses that infect vertebrates [8]. They are classified under the kingdom Riboviria, order Nidovirales, family 

Coronaviridae, subfamily Orthocoronavirinae, and are divided into four genera, Alphacoronavirus (αCoV), 

Betacoronavirus (βCoV), Deltacoronavirus (δCoV), and Gammacoronavirus (γCoV) (figure 2.1.1) [8,11,12]. 

 

Figure 2.1.1 - Evolution model of the CoV species. Adapted from Woo et al. [13]. 

Phylogenetic analysis of SARS-CoV-2 showed that this species shows homology with SARS-CoV (79%) and with 

the MERS-CoV species (50%), as well as a correspondence between bat-SL-CoVZC45 coronaviruses (sequence 

identity 87.99%) and another SARS-like beta coronavirus of bat origin, bat-SL-CoVZXC21 (87.23%) as described 

in Lu et al. [14]. Thus, this new species is classified in the genus Betacoronavirus, subgenus Sarbecovirus, (figure 

2.1.2). 

 

Figure 2.1.2 - Taxonomy of coronaviruses compared to the human species. Adapted from Gorbalenya et al. [8]. 
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Electron Microscopy (EM) of SARS-CoV-2 particles revealed their spherical shape, with diameters varying 

between 60 and 140 nm, and an outer capsular surface full of distinct crownlike spikes (Spikes), 9-12 nm in length, 

giving the appearance of a solar corona, hence its name [15]. Schematic representation of the main functional 

SARS-CoV’s subunits are shown on figure 2.1.3. 

 

Figure 2.1.3 - Schematic representation of the structure of SARS-CoV-2. Figure 2.1.3 shows an unreported structure, 

Hemagglutinin-esterase (He) is a glycoprotein existing in some viruses in the envelope zone, which helps in the cell invasion 

mechanism. However, this molecule is not always identified in the structural composition of the SARS-CoV-2 species. (Image: 

Orpheus FX/Shutterstock) 

CoV genomes (27-32 kb) encode proteins such as: Nucleocapsid (N) that complexes with the virion genome, and 

an outermost capsular structure formed by three structural proteins: membrane protein (M), spike protein (S), and 

the envelope protein (E). 

The SARS-CoV-2 genome, measuring 29.9 kb (29903 nucleotides encoding a total of 9860 amino acids [16]), is 

“packed” by proteins, the nucleocapsids (N), forming a ribonucleoprotein (RNP) complex [17], which in turn is 

included in an envelope membrane with lipids and viral proteins, the protein S (surface or Spike), M (membrane) 

and E (envelope) [18]. Its genome encodes the structural genes (N, M, S and E) and sixteen non-structural proteins 

(nsp 1-16) genes [19]. 

The SARS-Cov-2 genome includes 6 ORFs (Open Reading Frames), and at the 5' end of its genome there are two 

large ORFs, ORF1ab, occupying about two thirds of the genome. The translation of ORF1ab is mediated by a -1 

frameshift (also known as Programmed -1 ribosomal frameshifting, or translation matrix shift) that “delays” the 

reading frame by one nucleotide and allows the ribosomal complex to continue past the STOP codon of the 

ORF1ab. ORF1a, allowing from the same mRNA strand (ORF1) to obtain 2 distinct reading frames, designated in 

the case of SARS-Cov-2 as pp1a and pp1b (polyprotein 1a, and polyprotein 1b respectively) which are 

subsequently cleaved into 16 non-structural proteins (nsp1-nsp16). A representation of the Frameshifting 

phenomenon can be seen in figure 2.1.4 [20,21]. 

 

Figure 2.1.4 – Frameshifting process. The three pill-like shaped figure represents the ribosomal complex, while the single 

stranded RNA template is represented by the line of letters, some of which are red coloured. The tRNA here transports 2 distinct 

amino acids, asparagine (Asn) and leucine (Leu). 
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In its genomic composition, SARS-CoV-2 encodes 16 non-structural proteins (nsp's), 4 structural, and 6 accessory 

proteins, as can be seen in figure 2.1.5. All 16 nsp's, described in table 2.1.1, are encoded in 5' end of the genome, 

and are related to replication, viral transcription and evasion of the host's immune system, their functions as well 

as those of other ORFS have been studied for a better understanding of the structure, propagation, and viral 

pathogenicity patent in this species [22–25]. 

Proteins that contribute to the virions’ structure (structural proteins) as well as accessory proteins (also known as 

3a, 6, 7a, 7b, 8 and 9b), with functions yet to be determined, are encoded by the rest of the viral genome at the 3’ 

end. It represents 30% of the virus genome compared to ORF1ab which represents 70%. There are also other 

ORFs, such as ORF10, which is annotated in databases such as GenBank, and which is computationally predicted, 

but which, however, in terms of protein expression is not denoted, representing trace sequences in sequencing 

techniques by genome amplification [17]. In spite of the fact that this findings reveal several functions and 

characterization of the new SARS-CoV-2 genome, there is still evidence of the importance of more detailed studies 

in the sequencing and validation of the expression of sgRNAs (sub genomic RNA) of the SARS-CoV-2 species 

[18,20,26,27]. 

 

Figure 2.1.5 - SARS-CoV-2 genomic structure. composed of ssRNA+ with a cap (grey circle) at the 5’ end and a poly-A tail 

at the 3’ end. It encodes 16 nsp's (ORF1a → nsp1-11 and ORF1B → nsp12-16). Structural proteins are identified as S, E, M 

and N and accessory proteins are numbered and identified by gray rectangles. Adapted from Brant et al. [18] 

Being a positive sense RNA virus (+ ssRNA), this species can translate the two polyproteins encoded in ORF1ab 

in the cytoplasm of the susceptible cell. Cleavage of this protein complex is then carried out by two self-activating 

proteases (Papain-like protease or PLpro, also known as nsp3 and 3-Chymotrypsin-like protease 3CLpro or nsp5), 

giving rise to 16 nsp’s. The RNA (+) strand is initially duplicated to an RNA (-) strand, which is then utilized for 

either replication to another RNA (+) strand for fresh virion assembly or transcription of sub-genomic mRNA that 

may be translated into a variety of viral proteins. 

These sgRNAs have a feature in common, they share a cap- structure at the 5' end (5'-cap, ~70 nt's) and a poly-

AAA tail at the 3' end (multiple adenosine nucleotides, with 30-45 nt's in length), for viral genome stability and 

prevention of digestion by cellular exoribonucleases [18,26]. 

The first stage of cellular infection begins with the binding of the virus to the host cell, initiated by the interaction 

of the S protein with the host receptor, the angiotensin-converting enzyme ACE2 (angiotensin-converting enzyme 

2) [22,28] (figure 2.1.6). Studies indicate the existence of other factors promoting virion-cell adhesion as reported 

in [29–32] as the initial adhesion of the virion to the cell is carried out by the cell surface polysaccharide, heparin 

sulfate, present in the cells [33]. Proteases such as TMPRSS2 (transmembrane enzymes) and Cathepsin L cleave 

the S protein in the S1 subunit responsible for anchoring (also known as the region-binding domain, RBD, which 

has been targeted for therapy with neutralizing antibodies [34]), and S2 subunit, responsible for virion-cell fusion, 

in attempt to activate SARS-CoV-2 entry by endocytosis and membrane fusion [35] (figure 2.1.7, 1).  

Both ACE2 and TMPRSS2 are expressed in various cell types, particularly in the lungs (type II pneumocytes), gut 

epithelium (enterocytes), corneal endothelial cells, bladder epithelium, and nasal epithelium (nasal goblet cells), 

allowing SARS-CoV-2 to reach various vital organs [35–39]. 
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Figure 2.1.6 - Spike protein role in host cell invasion (image: AIVD Biotech Inc.). 

As an RNA virus, it replicates exclusively in the cytoplasm of the host cell, where the positive RNA genome is 

first disassociated from the nucleocapsids (Protein N) (figure 2.1.7, 2). From here the genomic RNA is used 

directly by the host cell's ribosomal machinery to carry out the translation of ORF1a (giving rise to pp1a) and by 

the frameshifting mechanism to read ORF1ab (giving rise to pp1ab) autocatalytically processed by viral proteases 

located in nsp3 (PLpro) and nsp5 (3CLpro or Mpro, from main protease) in the 16 nsp's (figure. 2.1.7 ,3, 4), which 

establish a replication-transcription complex (RTC) in this step of the infection the nsp1 neutralizes host translation 

as well as cellular mRNA, while nsp2-16 sets the RTC. RTC is a protein complex that includes key proteins in 

virus replication, such as RNA-dependent RNA polymerase (RdRp, or replicase), proteins with helicase, primase, 

endo- and exoribonuclease activity, and NSP16. The RTC complex is located in a cell membrane remodeled by 

nsp's, such as nsp6, which form continuous replication organelles with the endoplasmic reticulum, providing an 

optimized environment for viral RNA replication [40,41] and protection against detection by sensors. cytosolic 

innate immune cells [42] (figure. 2.1.7 ,4b). 

 

Figure 2.1.7 – SARS-CoV-2 life cycle. Adapted from Burmer et al. [43] 

  



6 

Table 2.1.1 - Non-Structural proteins coded by SARS-CoV-2 Genome. 

Protein Function Ref. 

NSP1 
Involved in restraining the innate antiviral response of the host and in suppressing the induction 

of apoptosis during early infection to promote viral growth. 
[44] 

NSP2 Involved in the disruption of host intracellular signalling during SARS-CoV infections. [45] 

NSP3 
Supposedly involved in the translation of mRNA transcripts and suppression of host protein 

synthesis. 
[46] 

NSP4 Essential role in the replication and assembly of replicative structures. [46,47] 

NSP5 Protease activity. [48] 

NSP6 
Synthesis of autophagosomes from the endoplasmic reticulum and involved in the process of 

autophagy (DMV's - Double Membrane Vesicle). 
[46,49] 

NSP7 RNA dependent RNA polymerase activity. [50] 

NSP8 Primase activity [51] 

NSP9 Complexes with NSP8, involved in RNA replication and virulence. [52] 

NSP10 
It is a cofactor for the activity of NSP16 2′O-methyltransferase and N7-guanine 

methyltransferase/exoribonuclease of NSP14. 
[53] 

NSP11 Essential for replication, a more precise role is yet to be determined. [54] 

NSP12 RNA polymerase/replicase activity. [11,55] 

NSP13 Helicase and RNA NTPase activity. [56,57] 

NSP14 Methyltransferase and exoribonuclease activity. [53,58] 

NSP15 Uridylate-specific endoribonuclease activity. [59] 

NSP16 
Methyltransferase that mediates cap-2’-O-ribose methylation of mRNA to the 5’-cap structure 

of viral mRNAs. 
[53,60] 

 

RNA replication begins with the complete synthesis of genomic copies. These serve as a template to produce new 

positive strand copies, used to produce more nsp's or to be inserted into a new viral structure to give rise to a 

mature virion. At the same time, segmented transcription of the genome occurs at the level of the RTC-DMV 

complex, which generates negative-stranded subgenomic RNA, which serve as a template for the synthesis of 

positive-stranded subgenomic RNA (sgRNA+) [61]. These RNAs are translated to synthesize structural and 

accessory proteins (figure. 2.1.7, 5, 6). 

The synthesized viral RNA molecules escape through transmembrane pores existing in the DMV's [62], and are 

mobilized to the site of translation and assembly of the virion that occurs in the endoplasmic reticulum and 

intermediate compartment of the Golgi complex – endoplasmic reticulum (ERGIC), respectively [63] (figure 2.1.7, 

7). Here, newly synthesized viral genomes coated with the N protein germinate in the lumen of the ERGIC to form 

enveloped particles containing the M, E and S proteins. Finally, this structure is complexed with the viral gRNA 

to form the final mature virion that will be transferred to the host cell surface to be secreted (figure 2.1.7, 9).  
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2.2. SARS-CoV-2 Transmission and Pathogenicity 
The primary route of human-to-human transmission of COVID-19 disease is through droplets that pass through 

the airway mucosa and come into direct or indirect contact with another individual or fomite, respectively [64,65]. 

Frequent coughing as well as sneezing exhibited by COVID-19 patients generate clouds of thousands of droplets 

per cubic centimeter [66], Thus, it is imperative to understand the dynamics of transmission as well as the different 

routes of passage/intrusion of the virus through the physiological barriers of the human organism [67]. 

The viral load required to infect a human host varies in the range of 102 to 103 viral particles, the diameter of each 

virion varies between 60 and 140 nm, and each aerosol produced during sneezing has diameters between 1 and 5 

µm [68–70]. From a single cough reflex, an individual, with an average viral load  of 7x106 particles/mL,  in the 

respiratory fluid, can transmit 4.4x103 viral particles, and this number increases with increasing severity of the 

disease, that is, with increasing viral charge [71]. 

A study by van Doremalen et al [72] and Liu Y et al [73], report that the SARS-CoV-2 species has a viable stability 

of 72 to 196 hours (3 to 7 days) depending on the surface and origin of excretion (aerosol, urine or feces). 

The average incubation time is around 4 to 7 days, reaching up to 14 days until the onset of symptoms [5,74]. After 

the incubation period, the patient may develop fever, non-purulent cough, laryngopharyngeal inflammation, 

dyspnea, hypoxemia, headache, myalgia, fatigue, olfactory dysfunction, diarrhea, lymphopenia, 

thrombocytopenia, acute myocardial ischemia, among others [22,64,74,75]. 

Unlike most viruses that mainly affect the upper respiratory tract, SARS-CoV-2 starts by lodging on and infecting 

the lower respiratory tract and pulmonary alveoli, giving rise to bilateral pneumonia, denoting opacity at the lower 

peripheral level of the lungs on images obtained by computed tomography (figure 2.2.1) [76]. 

 

Figure 2.2.1 - COVID-19 pneumonia radiography and CT scans. (A) X-ray image showing a more prominent bilateral 

pulmonary infiltrate in the left lung. (B) Image obtained by computed tomography showing areas of increased opacity, islets 

of opacity are bilaterally distributed in the pulmonary zone. Adapted from [22] and [74]. 

Clinical manifestation of COVID-19 is apparent at all ages, with the prevalence being higher in the 30-79 age 

group (87%) as reported by Wu et al [77], an epidemiological study with 72 314 cases. Similar results are also 

observed, on a smaller scale, such as that by Dawei et al [78] where the median age is 56 (interquartile range of 

42-68 years). 

Individuals over 60 years of age, with a higher prevalence in males, and with various comorbidities tend to develop 

Acute Respiratory Distress Syndrome (ARDS), a complication of COVID-19, which requires hospitalization of 

the individual, in intensive care units, and is also one of the leading causes of death (figure 2.2.2) [79]. 

  



8 

 

Figure 2.2.2 - Clinical features of COVID-19. COVID-19 clinical characteristics can easily be mistaken for a typical cold or 

pneumonia when the disease is set on a mild to severe case. Healthy patients tend to be asymptomatic, being the age a heavy 

risk factor. Age, and age associated co-morbidities are the major factors that lead to higher risk of critical development and in 

the worse cases, to death. Adapted from Hu et al [5]. 

Covid-19 events are directly linked to viral lung damage and cytokine release syndrome, an exacerbated 

inflammatory response that results from the production and secretion of pro-inflammatory cytokines and 

chemokines by immunocompetent cells in response to viral damage and cell sequestration caused by the virus 

(figure 2.2.3). 

 

Figure 2.2.3 – Inflammasome complex formation. It’s created during the pathogen-associated molecules (PAMP's) process, 

such in the case of SARS-CoV-2, and molecules associated with cell damage (DAMPs). PAMPs and DAMPs are recognized 

at the PRR (pattern recognition receptor) from APCs (Antigen-Presenting Cells). From the coupling between DAMP/PAMP-

PRR an inflammatory cascade starts and activates the secretion of pro-inflammatory cytokines (like pro-IL-1β). In the case of 

the host cell, cytosolic receptors such as Nod-like receptors induce a specialized behavior of programmed cell death, apoptosis, 

releasing even more antigens capable of triggering a greater immune response. In normal conditions, these processes are 

regulated by the organism towards beneficial results, however, SARS-CoV-2 manages to dysregulate it. Adapted from Soy et 

al [80]. 

As the immune system identifies viral antigens through the normal process of recognition, antigen-presenting cells 

(APC's) process these antigens and present them to NK cells and cytotoxic CD8+ T cells at the MHC (major 

histocompatibility complex) level. This process activates both the innate and adaptive immune systems that cause 

the cytokine storm event. In some patients this process is dysregulated to the point of resulting in thrombotic events 

and multiple organ failure, and eventually causing death [80]. 

The renin-angiotensin system (RAS) is an important regulator of vascular pressure and coagulation, mainly 

composed by two axes, namely the ACE-Angiotensin Ⅱ (Ang Ⅱ)-angiotensin type 1 receptor (AT1R) axis, and 

ACE2-Ang-(1-7)-Mas axis. ACE regulates blood pressure and H2O/Na balance by binding to AT1R and AT2R 

receptors (with greater impact and activity on AT1R). In addition to the above effects, it also has a role in 
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promoting inflammation, cell proliferation and vasoconstriction. ACE2 and ACE are structurally homologous, but 

have different biological functions, and the degradation of Ang II to Ang-(1-7) is mediated by ACE2. The 

combination of Ang-(1-7) and the MAS receptor antagonizes the ACE-Ang Ⅱ-AT1R axis, which plays a role in 

lowering which plays a role in lowering blood pressure through vasodilation, decreased oxidative stress, and cell 

proliferation (figure 2.2.4) [79]. 

 

Figure 2.2.4 - Schematic diagram of the renin-angiotensin system (RAS). In the lung where the role of ACE2 receptor and 

ACE is visible as regulatory elements of RAS. The RAS pathway begins with the conversion of angiotensinogen to the 

angiotensin I (AngI) precursor through the action of the enzyme renin, produced in the kidneys. AngI is further recognized by 

the angiotensin-converting enzyme (ACE) cleaving it to angiotensin II (AngII). AngII is the peptide with the greatest influence 

on RAS. Its effect are mainly at the level of AT1R receptors. It also couples to the AT2R having the antagonistic effect. On the 

other hand, ACE2 receptors convert AngI and II into the inactive precursor Angiotensin (1-7) which, when interacting with the 

MAS receptor, has antagonistic effects to that of AngII [79,81]. 

As mentioned, the ACE2 receptor is expressed and widely distributed in the heart, kidney, adipose tissue, and 

muscle tissue, among others [35–39]. Being ACE2 the SARS-CoV-2 S protein receptor, there is a reduction in the 

availability of this receptor by viral sequestration, thus increasing the availability/conversion of angiotensin I to 

angiotensin II, and an over-expression of the signal resulting from AT1R. The function of the renin-angiotensin 

system is no longer balanced, which results in an exacerbated inflammatory response and the event of cytokine 

secretion that leads to lung damage, heart attack and pathologies located in tissues that express ACE2 receptors 

(figure 2.2.5) [79,81]. 

 

Figure 2.2.5 - Pathogenesis caused by SARS-CoV-2 viral infection in the renin-angiotensin system. The virion complexes with 

the ACE2 membrane receptor. After cell invasion, the natural antiviral pathway is activated, promoting the cellular secretion 

of interferons that have an apocrine effect with adjacent cells, promoting their expression of ACE2, creating new cellular targets 

for SARS-CoV-2. However, the levels of available ACE2 go down by sequestration, the levels of angiotensin II are promoted 

causing an uncontrolled inflammatory reaction with harmful effects at the level of the affected organ. Adapted from Gao et al. 

[81]. 
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2.3. Metabolomics 
In the field of OMICS (genomics, proteomics, metabolomics, metagenomics, and transcriptomics) the collective 

aim is to know how a pool of biological molecules affect a determined biological structure, function, and dynamics 

of an organism. The goals of this dissertation are within the field of metabolomics, which is the profiling of 

biological matrices focusing on the metabolites of the organism. Molecules studied on metabolomics, are small 

compounds (sugars, amino-acids, peptides, lipids, and others) produced by the endogenous metabolism of the 

organism of study. They are considered the chemical phenotypes derived from the genomics, transcriptomics, and 

proteomics, which provides a direct end-point, qualitative and quantitative, of biological processes under the 

influence of nutrition, environment, pharmaceutical alteration, and disease development [82–84]. Carrying the 

imprints of genomic, epigenomic, and environmental effects, the metabolome (defined as the complete metabolite 

collection found on a specific cell, organ or organism [85]) is considered the best fitting to study the causality of 

a variable of interest, for example, the effect of the infection by SARS-CoV-2 in the human organism [82,86]. 

Undeniably related to one’s phenotype, metabolomics are already in use in many fields of medicine, such as, the 

determination of metabolite biomarkers for Parkinson’s disease [87], type 2 diabetes [88], transplant rejection [89], 

shift in serum upon intense human activity [90], and many other as described by Minnie et al [91]. 

However, measuring the metabolome is in its core is a large and complex task. The human metabolome includes 

over 114,000 identified and predicted metabolites, including peptides and amino acids, lipids, nucleic acids, carbs, 

organic acids, biogenic amines, vitamins, minerals, xenobiotics, and drugs, as well as other chemicals that humans 

encounter [92].  

It has been driven primarily by advanced analytic platforms, such as nuclear magnetic resonance (NMR) 

spectroscopy and mass spectrometry (MS), having each platform its advantages and disadvantages (table 2.3.1). 

Table 2.3.1 – Differences between the two major metabolic analytical platforms. Adapted from Attard et al [93]. 

 NMR MS 

Sample preparation Minimal / non-destructive Destructive 

Reproducibility  High Low 

Quantification  Quantitative Qualitative and quantitative 

Relative sensitivity  Low High 

Metabolite coverage  Low High 

 

The initial workflow, generally, starts with an experimental design (selection a population of study, and the 

variable(s) to check), sample collection (solid samples as organ tissue, faeces, liquid samples as urine or blood 

cerebral-spinal fluid), preparation of the same sample passing through processes like homogenization of solid 

samples and extraction/precipitation of determined compounds for platform analysis suitability like the one 

mentioned (NMR and MS) which is the next phase. The final step, data analysis includes metabolite identification 

and data mining from the raw data, and data modelling using multivariate analysis and statistics to finally discover 

significant biomarkers. A validation step can be used to assure that the biomarker discovered has true potential, 

since it cannot be used in a clinical scenario until finishing necessary clinical validations about their specificity, 

sensitivity, and variation (figure 2.3.1). 
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Figure 2.3.1 – Metabolomics work-flow. A typical metabolomic experiment involves several steps: cells, tissues and other 

biofluids can be isolated and extracted. Samples are then prepared for analysis. Commonly analytical platforms are coupled to 

other devises such chromatographic platforms, to separate the different components of the sample, reducing the sample 

complexity and rearrange the major sample molecules, facilitating the MS or NMR job to identify molecular profiles. The data 

retrieved can be then compared to large databases. After that, statistical and multivariate algorithms are used to verify the 

significance of those molecules, and then the molecule(s) that pass through the sorting are tested as a differential metabolite(s), 

which is, the ability to distinguish normal individuals from patients with the variable of study for example. Adapted from 

Alseekh et al [94] and Li et al [87]. 

The study of metabolomics allows comprehensive quantitative/qualitative analysis of all metabolites in a 

biological sample. It is divided into two types of approach, the targeted approach, in which the assessment of a 

certain set of pre-established compounds is conducted using certain standard compounds, and the untargeted 

approach, which broadly investigates all metabolic profiles present in each sample using high resolution methods 

(table 2.3.2). While an untargeted analysis will detect any molecule that ionizes within a certain range of mass 

values, a targeted analysis provides better quantification, typically using internal standards and specific conditions 

of the mass spectrometer coupled to a chromatography equipment (set of equipment widely used in metabolomics) 

sacrificing in this case the number of molecular characteristics existing in each sample compared to untargeted 

analysis [82,95,96]. 

Table 2.3.2 – Main differences between Untargeted and Targeted Metabolomic Analyses. Adapted from Schrimpe et al [97]. 

Untargeted analysis Targeted analysis 

 Reproducibly measure as many metabolites as 

feasible 

 Hypothesis-generating 

 Semi-quantitative (chromatographic peaks 

reported are not concentrations) 

 Feature identity is not priori known 

 Correlated to databases/libraries 

 Focus on a small number of molecules 

 Hypothesis-driven / proofer 

 Absolute quantification 

 Identification already known 

 Correlated to reference standards 

 

The initial approach, when the objective is to discover potential new biomarkers, is the untargeted analysis, a 

extensive scanning for all molecules present in the sample. The patterns identified can be then used to generate 

potential hypothesis for a biomarker, focused more on a niche of metabolites. Ultimately that biomarker can be 

tested in a targeted way [97]. 

COVID-19 diagnosis is usually based on the qualitative detection of viral RNA, with most studies focusing on the 

clinical and epidemiological characterization of patients. As Huang et al reported, about 85% of patients infected 

with COVID-19 show improvement and are discharged from the hospital, and about 68% of patients do not need 

to be admitted to an intensive care unit, as corroborated by data from Wang et al. and Guan et al 

[64,75,77,78,98,99]. 

However, about 15-20% of patients suffer from more severe symptoms such as severe respiratory disease and 

require oxygen therapy or other interventions, including mechanical ventilation. These patients are classified as 

clinically severe, and are mostly classified according to clinical characteristics such as respiratory rate, partial 

oxygen saturation, and/or mean oxygen saturation [77]. However, patients who manifest these conditions are 
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already in a severe clinical state, so the therapeutic intervention must be urgent and effective, otherwise the patient 

can die quickly. 

Understanding the biochemical profile and its changes in a healthy or even asymptomatic individual regarding the 

manifestation of COVID-19 is a challenging topic. The same problem can be raised regarding the probability of 

survival and severity of individuals who are infected with SARS-CoV-2 and who are or are not undergoing therapy. 

Being able to respond to the problems put above is to achieve a greater speed of response and prevent negative 

outcomes such as death and the development of aggravated comorbidities caused by SARS-CoV-2. Through a 

metabolomics analysis, it is possible to characterize the molecular profile of an individual at any time and to 

understand and predict the impact of the disease on the body. Metabolomic studies allow not only the study 

infection’s effects by the infectious agent, but also to measure the response of the host against the pathogen, and 

therefore, these studies can provide a set of markers, complementary, and of significant use for rapid tests, parallel 

to antibody and PCR testing, for confirmation of SARS-CoV-2 infection, severity, and potential COVID-19 

disease outcome.  

Given the importance of this area, several studies have applied metabolomics to investigate COVID-19 disease in 

human patients, which can be seen in table 2.3.3. 
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Table 2.3.3 - Overview of results and models from published studies using metabolomics to characterize COVID-19 patients. 

Reference Patient group Sample preparation Methodology / Instrumentation Result 
Metabolite/Pathway 

evidenced 

Roberts et al 

[100] 

Serum samples from 

120 COVID-19 

patients 

Protein precipitation 3:1 (V: V) of methanol with sample 

(300 µL:100 µL), vortexed and centrifuged at 18000g 

x15 min. at 4ºc. From the resulting supernatant, it was 

evaporated and resuspended in 40 µL H2O. 

Untargeted metabolomics using UHPLC-

MS/MS. Data obtained from LC-MS exported to 

Compound Discoverer 3.1, where the 

compounds obtained were filtered and selected 

from 20 compounds that were used to make the 

predictive models   

Identification of prognostic 

biomarkers of COVID-19 

severity and outcome 

• Pyrimidine 

• Tryptophan 

• Aspartate 

• Asparagine 

Doğan et al 

[101] 

Serum samples from 

41 COVID-19 

patients and 44 

controls 

Samples were homogenized and mixed with acetonitrile 

(500 µL: 1000 µL, respectively) placed at 4°C, 10min. 

and centrifuged at 16900g x 5min. 500 µL of the 

supernatant was transferred to new microtubes. An 

internal standard collocated to improve data quality. 

Untargeted metabolomics using LC-QTOF-MS Identification of endogenous 

metabolites in COVID-19 

patients and healthy controls 

• Glutamine 

• Glutathione 

• Leukotriene D4 

(LTD4) 

• Purines 

Shen et al 

[102] 

Serum samples from 

65 COVID-19 

patients, 25 non-

COVID-19 patients 

and 28 healthy 

controls. 

Whole blood samples centrifuged at 1500 g x 10 min. the 

serum obtained was collected into new centrifuge tubes 

and stored at -80°C. For metabolomic analysis, ethanol 

was added to the samples to deactivate potential viruses, 

and subsequently dehydrated. To the deactivated serum 

(100 µL) was added 300 µL of methanol, to which the 

proteins were removed by centrifugation. 

Untargeted metabolomics using UPLC-MS/MS 

(RP and HILIC in ± mode) and Proteomics. From 

the molecular data obtained, the authors 

developed a machine learning model to identify 

severely ill patients according to a range of 

selected molecules. 

Detection of metabolic and 

proteomic changes in the 

serum of severe COVID-19 

patients, which can be used in 

the selection of potential 

biomarkers for assessment of 

disease severity. 

373 altered metabolites in 

COVID-19 patients, 203 

involved in severity, 80 

related to: 

• Complement system 

• Macrophage function 

• Platelet degranulation 

• Lipid metabolism   

Su et al [103] 

 

Collection of 

peripheral blood 

plasma and immune 

mononuclear cells 

samples from 139 

COVID-19 patients, 

and 258 healthy 

subjects. 

Study samples collected in EDTA tubes. Plasma was 

collected by centrifugation at 800g x10min., 4°C, 

aliquoted and stored at -80°C. mononuclear cells were 

extracted using the Ficoll gradient method. 

 

Serum processing effectuated at Metabolon (Morrisville, 

NC, USA) facility, with no details 

Untargeted metabolomics using UHLC-MS/MS significant shift between 

severe and moderate patients, 

in which the prominent level 

of the inflammatory signal is 

accompanied by the loss of 

specific classes of metabolites 

and metabolic processes. 

776 metabolites included 

for analysis, involved in 

the metabolic pathways 

of: 

• Amino acids 

•Nucleotides  

•Carbohydrates  

•Lipids 

•xenobiotics 
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Thomas et al 

[104]  

Serum samples from 

33 COVID-19 

patients and 16 

controls. 

Serum obtained by passive sedimentation of blood 

stored at 4ºC. 20 µL was diluted with 130 µL of 

H2O, to which 600 µL Chloroform/Methanol (2:1, 

V/V) was added, and then vortexed. The samples 

were incubated for 5 minutes at 4ºC, vortexed 

again (5 seconds), and centrifuged at 14000g 

x10min., 4ºC. the supernatant resulting from this 

process was isolated and used for metabolomic 

analysis. 

Targeted and untargeted metabolomics using 

UHPLC-MS. 

Acquired data were analysed with Maven and 

Compound Discoverer 2.1 programs. 

Observational 

characterization of sera from 

COVID-19 patients. • Amino acids (focus 

on tryptophan)  

• Lipids  

• Urea cycle  

• Glucose Cycle 

Páez-Franco et 

al [105] 

Serum samples from 

46 severe and 19 mild 

COVID-19 patients, 

and 27 PCR negative 

controls for SARS-

CoV-2. 

Serum sample was spiked with an internal standard. It 

was added chloroform-methanol (1:3). Incubation of the 

mixture with sample for 20 min. 20 ºC, and centrifuged 

14,000 rpm for 15 min. The resulting supernatant 

was dried and resuspended in methoxyamine and 

incubated for 90 min at 37 °C in a shaking 

incubator. MBSTFA+1% TMCS was added to 

each sample and incubated for 30 min at 37 °C. 

On microliter of the final mixture was submitted to 

GC/MS system. 

Untargeted metabolomics using GC-MS. 

Data obtained from mass spectrometry 

equipment converted to. mzdara type using 

the Agilent ChemStation software. Feature 

detection, spectral deconvolution and peak 

alignments done using the Mzmine2 

software. Identification of compounds by 

comparison with the NIST (National 

Institute of Standards and Technology) 

spectral library. 

Identification of the main 

serological changes 

associated with severe and 

mild illness of COVID-19 

patients and synthesis of a 

metabolic profile for these 

two features of the same 

disease. 

• Krebs cycle (Warburg 

effect)  

• Catabolism of amino 

acids (threonine, 

glutamine, and 

glutamate) 
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2.4. Non-Conventional Metabolomics 
As described above, metabolomic analysis can be time consuming, expensive, and complex, as it involves many 

stages and multiple steps for sample suitability for a given analysis platform, and most of the time, the sample is 

lost for a destructive analysis technique such as mass spectrometry. 

New methods to quickly and easily assess the effect of one variable on another and, extrapolating to hospital 

context, the effect of the infection by SARS-CoV-2 in in one individual, are highly useful to predict the outcome 

and severity caused by COVID-19. 

Platforms such as FTIR (Fourier Transformed Infrared) analysis are an emerging technique that allow sample 

analysis (biological tissue, biofluid and even gases). FTIR analysis, uses radiation in the field of the infra-red 

(range between 780 nm to 1 mm). 

FTIR is placed in the category of vibrational spectroscopies, as the energy produced in the IR field is not powerful 

enough to cause physicochemical changes in the matter it passes through, such as ionization and electronic 

transition of electrons. Instead, infra-red radiation causes distortions on the molecular bonds, changing their angle, 

length and other phenomena related to atom bonds, as shown on figure 2.4.1. 

 

Figure 2.4.1 – Every molecule has several modes which they can vibrate at. (A) A nonlinear molecule such as H2O has a 3N-

6 different ways that it can vibrate (being N the number of atom nuclei present on the molecule). (B) linear molecules such as 

CO2 has 3N-5 (being N the number of nuclei atoms on the molecule). The vibrational modes pass through stretching, symmetric 

or antisymmetric, depending on if the O-H bond are in or out of phase, respectively. It can be as well a bending vibration, if 

the angle between the H-O-H is changing, also called the scissoring motion. In the case of the molecule of CO2, it has 4 normal 

modes of vibrations (name given to each way which a molecule can vibrate), symmetrical stretch where the O-C-O bond 

elongates in opposite directions, maintaining the 180º angle, antisymmetrical stretch where one O-C bond is shorter than the 

other, still maintain the 180º angle. And finally, the Bend, where the O-C-O 180º angle is changed. Adapted from [106] 

Infrared spectroscopy corresponds to the observation of the vibrations described, and with those vibrational 

observations, one can enquire and search for evidence of a functional molecular group, and ultimately uncover the 

compound of study. FTIR uses this approach, as demonstrated on figure 2.4.2. 

 

Figure 2.4.2 – Diagram of an inside FTIR spectrometer. The IR light is directed from the incandescent source to a beam splitter, 

positioned at a 45° angle. A portion of the beam is reflected at a straight angle after passing through the beam splitter. The 

reflected beam hits a fixed mirror, whereas the transmitted beam hits a moving mirror at a constant speed. The beams recombine 

at the beam splitter after returning from the mirrors. The moving mirror's beam has travelled a different distance than the fixed 

mirror's beam, and the two beams combine to form an interference pattern known as an interferogram. This interferogram, 

which contains all frequencies at the same time, travels through the sample compartment to reach the detector. A Fourier 

transform, a typical computer procedure, changes the time domain spectrum to the frequency domain spectrum, allowing us to 

measure the degree of absorption as a function of wavelength (or frequency). Adapt from Wade et al [107]. 
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Each bond group (bond formed between two atoms) has a vibrational transition with a well delimited and distinct 

energy, and molecules absorb only at certain wavelengths and frequencies. It is unlikely that IR spectra of two 

compounds will be the same (except for enantiomers), making each spectrum of each molecule a unique 

representation on the IR field, and thus it can be considered that a molecule IR spectrum is its fingerprint, and this 

is what will allow one to determine a composition of a bio sample. 

The major advantage of this technique is its sensitivity, equipment with low energy consumption and low time of 

“sample reading” (in the order of the seconds of each scan). Multiple scans for the same sample can be carried on 

improving data quality, since this technique does not destroy the sample (table 2.4.1). 

Table 2.4.1 – Main features of IR spectroscopy. Adapted from Wade et al [107]. 

Strengths Limitations 

 Identification of functional groups. 

 It can provide conclusive proof that two unknown 

compounds are the same or different. 

 Highly reproducible and low-resource usage 

 Minimal sample preparation needed 

 Unable to offer insight into a molecule's skeletal 

structure. 

 In some cases, it’s not possibly to certain of the 

functional group due to minimal differences in the 

spectra 

 In complex mixtures such as biofluids, where 

thousands of different molecules are present, is 

complex to extract the exact number of molecules 

present or what molecules are present without 

additional information provided by other techniques. 

 

In table 2.4.2 it can be observed the main vibrational frequencies in FTIR spectroscopy. 

Table 2.4.2 - Vibrational frequencies in FTIR spectroscopy for serum. Adapted from Wood et al [108], Movasaghi et al [109], 

Cakmak et al [110]. 

Wavenumber (cm-1) Band Assignment 

3600–3500 Amide A, proteins, N-H bond stretch 

3350 N-H bond stretch 

  

2956 

Acyl chain, Lipids, CH2 and CH3 vibration 
2922 

2874 

2852 

1740 Lipids , C=O vibration 

1650 - 1655 
Amide I, C=O stretching,  peak of nucleic acids due to 

the base carbonyl stretching and ring breathing mode 

1635 Amide I 

1545–1530 Amide II 

1300–1250 Proteins, amide III 

1185 A-DNA 

1060 DNA, RNA 

996 RNA 
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Chapter 3 – Materials and Methods 

3.1. Biological data acquisition 
To analyse the impact and outcome from Coronavirus disease, biological samples were collected from Centro 

Hospitalar Universitário Lisboa Central – Hospital São José, intensive Care Unit (ICU).  Blood sample collection 

started in November 2020, within PREMO Project - Predictive Models of COVID-19 Outcomes for Higher Risk 

Patients towards a Precision Medicine -financed by FCT. 3865 samples were collected until August 2021, from 

521 patients. 

Samples were collected by the health professionals present at the medical unit at 8 a.m. to tubes without 

anticoagulant (Figure 3.1.1), transported to /and processed at the Instituto Superior de Engenharia de Lisboa at the 

Engineering and Health Laboratory on the same day and as soon as possible. All biological content in the transport 

process was kept at 4 ºC until processing. 

Peripheral blood samples were centrifuged at 3000 rpm, 10 min., room temp. (Mixtasel, J.P. Selecta ®) to separate 

serum from the erythrocyte layer. 

 

Figure 3.1.1 - Properly identified peripheral blood collection tubes (censored for ethical reasons). 

 

After centrifugation, the supernatant corresponding to the serum fraction was extracted and aliquoted in 1.5 

microtubes. Each aliquot was stored at temperatures of -20ºC and -80ºC respectively until further analysis (Figure 

3.1.2 - Stored serum aliquotsFigure 3.1.). 

 

Figure 3.1.2 - Stored serum aliquots. 

Blood serum contains many thousands of molecules that can provide biologically relevant information. The final 

goal of this work is to use metabolomics to find a set of biomarkers that can differentiate different health states 

between patient groups, namely, the outcome and patient condition upon infection by SARS-CoV-2. To 

accomplish this objective, two analytical techniques were use, FTIR (Fourier-transform infrared spectroscopy) and 

UHPLC-MS (ultra-high performance liquid chromatography coupled to mass spectrometry). Figure 3.1.3 shows 

the workflow of the experiment ran.  
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Figure 3.1.3 - Schematic view of the procedure executed. The blood from the patients is collected directly from the ICU stored 

in collection-blood tubes without anticoagulant to facilitate the blood clotting process in which is easier to extract the serum 

through centrifugation. The serum is aliquoted in at least 2 microtubes with a volume of 2 mL and stored each volume at -20 

ºC and -80 ºC refrigerator for further analysis (FTIR and/or LC-MS). 

For FTIR and MS analysis the chosen serum samples (criteria of patient inclusion discussed later) were processed 

ad follows: 

1. Preparation of distinct solvents for extraction. Two approaches were used, one with methanol (Fisher, 

OPTIMA® LC/MS grade) and another with a mixture of acetonitrile (Fisher, OPTIMA® LC/MS 

grade):methanol (Fisher, OPTIMA® LC/MS grade):water (Fisher, OPTIMA® LC/MS grade) (at 2:2:1 

V/V) was prepared and kept at -80 ºC. 

2. Solvents were aliquoted into 2 mL microtubes for protein extraction. 

3. Chosen samples were thawed and kept on ice throughout handling. 

4. From each sample, 75 µL were pipetted to the microtube with the solvent, at a ratio of 3.5:1 V/V solvent 

to sample. 

5. The microtubes with the sample plus the solvent were centrifuged at 18 000 x g, 15min at 4 ºC (MIKRO 

22R Hettich Zentrifugen). 

6. The resultant supernatant was carefully isolated from the formed pellet and transferred to a new 

microtube. 

7. 75 µL of newly collected supernatant was stored for FTIR analysis and the leftover volume was stored 

for UHPLC-MS analysis. 

Protein precipitation (PPT) is one of the most popular techniques used to prepare biological fluid (bio-fluid) 

samples for LC/MS/MS research analysis. By applying protein precipitation to bio-fluid samples, proteins can 

efficiently be removed from the serum’s matrix. 

3.2. FTIR Spectroscopic analysis 
For FTIR analysis the samples were placed in a zinc selenide microplate (FTIR able) with 96 or 384 wells (figure 

3.2.1) depending on the number of sample replicas and extraction that was dealt (explained below). 

(A) 

 

(B) 

 
 

Figure 3.2.1 - ZnSe microplates used for this technique. (A) 96 well ZnSe microplate, with each well holding a volume capacity 

of 25 µL; (B) 384 well ZnSe microplate with a volume capacity of 5 µL each well. 
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The microplates with the samples were then submitted to evaporation by desiccator/vacuum chamber, for 2h 

30min, to remove all solvent as show in figure 3.2.2. 

 

Figure 3.2.2 – Microplate with loaded samples in the wells placed on a rack in a desiccator. In the image is possible to observe 

two cylinders containers with silica crystals that helps the evaporation process. 

The next step was to analyse the dehydrated samples in a Fourier-transform infrared spectrometer (Vertex 70, 

HTS-XT, Bruker). For each sample loaded in the microplate well a spectrum was acquired. For each spectrum 64 

scans, with a resolution of 2 cm-1, in transmission mode, were collected. The spectral acquisition comprehended 

wavelengths between 400 and 4000 cm-1. The first well of the microplate did not contain sample and spectra was 

acquired and used as background, according to the HTS-XT manufacturer instructions. 

All data collected was analysed with the OPUS software, where spectra were pre-processed employing 

atmospheric correction (that compensates atmospheric H2O and CO2 at acquisition) and Baseline Correction 

(rubber band baseline type, positive peak direction, with background subtraction, used often in IR spectra to adjust 

the spectral offset). Pre-processed data was then uploaded to Excel for matrix organization and then loaded on The 

Unscrambler® X for matrix transformations, such as normalization (is a mean to scale the matrices data to retrieve 

all spectral data to the same scale), and derivation like Savitzky-Golay (also known as SG derivate, used to perform 

data smoothing through a process called convolution). Workflow from spectra acquisition to data pre-processing 

can be observed in Figure 3.2.. 

 

Figure 3.2.3 - Workflow process done on FTIR analysis. Dried biological samples are read at the FTIR spectrometer. Raw data 

is loaded into OPUS software for primary pre-processing. Signal normalization and/or derivation is carried out on The 

Unscrambler® X where the data is smoothed and treated into more amenable signals. 

In this study, spectra processing is followed by a multivariate plot analysis, Principal Component Analysis (PCA), 

used to reveal the hidden structure within large data sets. It provides a visual representation of the relationships 

between samples and variables and provides insights into how measured variables cause some samples to be alike, 

or how they differ from each other. It is a bilinear model, that projects all variables from a dataset unto a smaller 

number of newly created variables, named principal components (PC) by default equal or less than seven. Large 

data tables can contain a lot of information to consider from a human perspective, or data can be hidden in a 

complex and not easily interpreted way. Examples of these tables are spectroscopic data, chromatographic data, 

and the large data sets generated by systems biology research platforms, in particular, metabolomics. A few 

examples of the desired signal pre-processing can be observed in figure 3.2.4. 
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(A) 

 

(B) 

 
(C) 

 

(D) 

 
(E) 

 

(F) 

 

Figure 3.2.4 - Spectra obtained from FTIR spectrometer from the solvent extraction assay (explained in chapter 3.4). Spectra 

in the left present absorption intensity vs. wavenumber, as recorded on the HTS-XT FTIR. (A) Raw spectra with no pre-

processing. (C) Spectra submitted to Atmospheric correction executed in OPUS software. (E) Spectra submitted to Atmospheric 

Correction followed by Baseline, Rubber band method, correction executed on OPUS software. B, D and F are the PCA’s of 

spectra A, C and D respectively, and presented to facilitate a visual insight of the spectra shown. Each dot in the PCA represents 

a sample, extracted using methanol (red dots) and ACN:MeOH:H2O (blue dots). 

Normalization of data, such as FTIR signal data, has a purpose to “scale” data into an order to get all signal on the 

same scale. In the present work the more often normalization methods used are the Unit Vector Normalization 

(UVN) and the Maximum Normalization methos. As the name implies, unit vector normalization transforms the 

matrix sample data into unit vectors with a norm of one, keeping all the properties in check, which is useful in 

some pre-processing in some pattern recognition techniques. The other one, maximum normalization, divides each 

row of data by its maximum absolute value, retrieving a spectrum that has a maximum value of 1 to the maximum 

value of each row, the remaining values become a percentage of that given maximum value. Examples of this 

normalization techniques can be visualized in Figure 3.2.5.  
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(A) 

 

(B) 

 
(C) 

 

(D) 

 

Figure 3.2.5 - Spectra from the different solvent extraction assay. (A) Spectra resultant from the application of Atmospheric 

correction to eliminate potential CO2 and H2O noise, Baseline Correction, Rubber band method, and a posterior Maximum 

Normalization executed on The Unscrambler® X software. (C) Spectra resultant from the application of Atmospheric 

correction, Baseline Correction and a posterior Unit Vector Normalization. B and D are the corresponding PCA’s for A and C, 

and here disposed for a better observation of the impact of each normalization done in the data. 

As mentioned earlier, the use of signal derivation is one method to smooth data, as the derivative is simply the 

measure of the slope of the spectral curve, and so, it is not affected by noisy elements of the spectra as baseline 

offsets. For this reason, derivatives are an effective way to remove this element from spectral data. However, one 

drawback of this method is that peaks in raw spectra usually become zero-crossing points, what could be difficult 

to interpret. To bridge this undesired event, Savitzky-Golay (SG) method is used in this work. It consists in using 

a localized segment of the spectrum and apply the derivative for that specific data, avoiding noise enhancement 

and allowing data smoothing. Figure 3.2.6 shows an SG smoothing method application. 

 

Figure 3.2.6 - Savitzky-Golay application. As observed multiple derivatives (yellow lines) are being applied tangent to raw 

data (in blue) and the segment of that derivate (red line) is being used to fit the new data sub-set that will be the new data (blue 

circles). 
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Examples of the applications of the methods explained above are show in Figure 3.2.7. 

(A) 

 

(B) 

 
(C) 

 

(D) 

 

Figure 3.2.7 - Spectra from the different solvent extraction assay. (A)Spectra data relative to extraction assay, which suffered 

Atmospheric correction on OPUS software followed by Savitzky-Golay Transformation with a derivative Order of 2, 

Polynomial Order of 2, with 15 smoothing points. (C) Is the same spectra present in (A) but with a wavelength cut applied, 

800-1800-2800-3600 cm-1. 
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3.3. UHPLC-MS Analysis 
Alongside with FTIR analysis, samples were analysed by ultra-high performance liquid chromatography coupled 

to mass spectrometry. High-resolution mass spectrometry (HMRS) analyses were performed on an Elute UHPLC 

system (Bruker Daltonics GmbH) coupled with a QqTOF Impact II mass spectrometer with an electrospray ion 

source (Bruker Daltonics GmbH & Co.) (UPLC-ESI-HRMS/MS). Data acquisition and calibration were 

performed using the software Data Analysis 4.1, 4.4 and 4.5. Workflow of mass spectrometry analysis can be 

observed in the following figure 3.3.1. 

 

Figure 3.3.1 - Normal workflow followed during MS analysis. Data from UPLC-ESI-HRMS/MS are converted to a compatible 

format and uploaded into XCMS online servers, where group comparison are made. XCMS treats data in an automated way, 

such as, chromatographic peak detection and retention time alignment, as well mass spectra matching [111]. From there various 

plots are generated, like, boxplot for the m/z intensities of each group and cloud plot for significant features detected. XCMS 

uses METLIN open-source database to identify features into predictive metabolites [112–115].  

Metabolites were separated by reverse-phase chromatography on a Luna 2.5 µm C18(2)-HST column (100Å, 150 

x 2 mm, Phenomenex, Cat# 00D-4446-B0) at a constant temperature of 40 °C, using a gradient elution at a flow 

rate of 250 μL/min (mobile phase A: 0.1% formic acid in water; mobile phase B: 0.1% formic acid in acetonitrile): 

0.0-0.5 min 0% B, 0.5-1.5 min 0 to 20% B, 1.5-4.0 min 20 to 60% B, 4.0-6.0 min 60 to 100% B, 6.0-9.0 min 

100% B, 9.0-10.0 min 100 to 0% B, 10.0-15.0 min 0% B. For hydrophilic interaction chromatography (HILIC), a 

XBridge BEH Amide XP Column (130Å, 2.5 µm, 150 x 2.1 mm, Waters, Cat# 186006724) was used at a constant 

temperature of 40 °C. With a flow rate of 250 μL/min, a gradient elution of 10mM ammonium acetate in water 

containing 0.1% acetic acid (A) and 10mM ammonium acetate in acetonitrile containing 2% of water and 0.1% 

acetic acid (B) was applied: 0-2 min 90% B, 2-6 min 90 to 70% B, 6-9 min 70 to 30% B, 9-13 min 30% B, 13-

18 min 30 to 90% B, 18-22 min 90% B. 

MS acquisition parameters were set as follows: capillary voltage 3 kV (ESI+) or 4.5 kV (ESI-), end plate offset 

500 V, nebulizer 4.0 bar, dry gas flow 8.0 L/min, dry heater temperature 200 ºC. Spectra acquisition was 

performed with an absolute threshold of 25 counts per 1000. For auto MS/MS data acquisition, capillary voltage 

was set at 4.5 kV (ESI+) or 3.5 kV (ESI-), with an end plate offset of 500 V, nebulizer pressure of 4.0 Bar, dry gas 

flow of 8.0 L/min and a heater temperature of 200 °C. Spectra acquisition was performed with a threshold of 20 

counts per 1000, a cycle time of 3.0 seconds with exclusion after 3 spectra and release after 1.00 min. Internal 

calibration was achieved with a sodium formate/acetate solution introduced to the ion source via a 20 μL loop at 

the beginning of each analysis. Calibration was then performed using high-precision calibration mode (HPC). All 

acquisitions were performed with a m/z range from 50 to 1300 a.m.u. with a 3 Hz spectra rate. 3 full scans and 1 

auto MS/MS scans were performed for each sample using both positive and negative ionisation mode. 

Acquired MS data were processed by Data Analysis (version 4.1, 4.4 and 4.5) (Bruker Daltoniks). Raw data were 

converted to mzXML using ProteoWizard MSConvert [116] (figure 3.3.2). 
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Figure 3.3.2 - Example of an Extracted Ion Chromatograms (XIC). Like Total Ion Chromatograms (TIC) where all intensities 

of each spectre scan are summed up and reflected on the graphic as a total intensity at a given retention time, XIC graphic give 

us, for a given retention time, the most intense observation of that spectral scan and returns it as total intensity. In the Y axis is 

the total ion intensity and X axis the retention time (in minutes). This XIC is the representation of the signal acquired from the 

extraction method assay [117]. Platform used for visualization: MzMine 2.53 [115]. 

Raw UHPLC-MS data were converted to a more amenable format, mzXML, and uploaded to XCMS online servers 

[113], where all data analysis (namely sample/group pairwise comparison). Multimodal analysis independent of 

acquisition model, and global metanalysis, were performed. Parameters used for pairwise comparison between 

subgroups is shown in table 3.3.1. 

Table 3.3.1 - Parameters used in XCMS Online analysis for patients’ samples untargeted metabolomics data process. 

Step Option Value 

Feature detection 

method centWave 

ppm 10 

minimum peak width 5 

maximum peak width 20 

mzidff 0.01 

signal/noise threshold 0.01 

integration method 1 

prefilter peaks 3 

prefilter intensity 100 

noise filter 100 

Retention time correction 
method centWave 

profstep 1 

Alignment 

bw 5 

minfrac 0.5 

mzwid 0.015 

minsamp 1 

max 100 

Statistics 

statistical test Welch t-test for unequal variances 

perform post-hoc analysis True 

p-value threshold (highly significant features) 0.001 

fold change threshold (highly significant features) 1.5 

p-value threshold (significant features) 0.05 

value into 

Annotation 

ppm 5 

m/z absolute error 0.015 

search for Isotopes + adducts 

Identification 

adducts [M+H]+ (ESI+); [M-H]- (ESI-) 

ppm 5 

BioSource Human 

pathway ppm deviation 5 

significant list p-value cut-off Auto 
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XCMS-generated data (figure 3.3.3) was returned and analysed. 

(A) 

 

(B) 

 

 

(C) 

 

Figure 3.3.3 - Examples of data collected from XCMS online. (A) Cloud Plot generated from pairwise comparison of 2 distinct 

groups in the same LC-MS acquisition mode, in this case is group A vs group B (group explanation in chapter 3.4) in the same 

experimental setup. From the pairwise job both, a chromatogram alignment (B) as a dual boxplot comparison for a given m/z 

(treated as a feature) is retrieved to compare each group. Finally, a multimodal job (combines identified data by sample only, 

regardless of chromatographic or spectrometric acquisition conditions is executed, and the table retrieved is like shown in (C) 

there all features detected in the pairwise comparison are compared against the METLIN [114] human metabolome database 

for metabolite identification. 

3.4. Patient Groups Assembly 
Two sets of samples were analysed in this work. A first one compares the impact of the solvent extraction method 

(referenced earlier) on two groups of patients. A second assay compares 3 distinct groups to uncover differences 

between them with the analytic tests used. A schematization of these two assays is shown in the figures below 

(figure 3.4.1 and figure 3.4.2). 

  

Figure 3.4.1-Representative scheme of patient and sample logistics. 6 patients were chosen in accord with variables shown in 

this chapter, and each sample was processed with the two extraction methods, separately. Each extracted sample was divided 

into three aliquots that were stored in -80 ºC till FTIR and MS analysis, totalizing 36 samples. Samples were further identified 

as GROUP A, B, C and D according to extraction submitted and according to the patient’s outcome later explained.  

Patients for the first assay were selected and grouped according to the following criteria (figure 3.4.1): 

• Group 1 – Male deceased COVID patients who needed ECMO, with ages between 50 and 70 years old 

• Group 2 – Male COVID patients who needed ECMO, with ages between 50 and 70 years old 

Take note that samples from each group (1 and 2) were processed with two extraction methods, methanol, and 

Acetonitrile:Methanol:Water (ACN:MeOH:H2O). Samples from group 1, extracted with methanol, will be called 

group A, and those extracted with ACN:MeOH:H2O will be called group B. Samples from Group 2 submitted to 

methanol and ACN:MeOH:H2O will be called group C and group D, respectively. More information about the 

patients’ characteristics is given in Table 3.4.1.  

Group 

Extraction 

Group 1 

(Deceased) 

Group 2 

(Survivor) 

Methanol Group A Group C 

ACN:MeOH:H2O Group B Group D 
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Table 3.4.1 - Patients' demographics. Due to sample size, each variable is expressed for each patient to facilitate assessment. 

(Abbreviations: BMI: Body Mass Index; ECMO: Extracorporeal Membrane Oxygenation; ICU: Intensive Care Unit; PCR: 

Polymerase Chain Reaction) 

 

The second assay was performed with a new set of patient samples. Based on the results obtained with samples 

from the first set only the ACN:MeOH:H2O extraction was performed (figure 3.4.2). The comparison groups were 

decided by the followed variables of choice: 

• Group A – COVID-19 male patients who did not require ventilation. 

• Group B - COVID-19 male patients who went through ventilation. 

• Group C - COVID-19 male patients who went through ventilation and died in ICU. 

 

Figure 3.4.2 - Representative scheme of patient and sample logistics. 24 patients were chosen in accord with variables shown 

in this chapter. Samples were processed using the ACN:MeOH:H2O method. The total 24 resultant aliquots were stored at -

80ºC. 

 Survived (n = 3) Deceased (n=3) 

Variables 

Age; years 56; 56; 54 52; 58; 63 

B
o
d
y

/M
as

s 

V
al

u
es

 

Weight; kg 80; 110; 75 80; 150; 80 

Height; cm -; 175; 180 175; 170; 180  

BMI; kg/m2 -; 35.92; 23.14 26.12; 51.9; 24.69  

H
o

sp
it

al
 V

ar
ia

b
le

s 

Arterial Hypertension (N) 3 2 

Obesity (N) 1 1 

Diabetes Mellitus  (N) 1 2 

Dyslipidaemia 0 2 

Asthma (N) 0 1 

Days with Mechanic Ventilation; days 4; 23; 74 14; 16; 4 

Days with ECMO; days 9; 6; 48 3; 10; 3 

Days in ICU; days 41; 29; 86 14; 16; 4 

Days between symptoms onset/PCR and ICU admission 13; 8; 10 12; 5; 10 

L
ab

. 

an
al

y
si

s 

Days between sample collection and patient decease - 13; 9; 3 
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Table 3.4.2 - Patients' demographics. (Abbreviatures: BMI: Body Mass Index; IQBV- Inter-Quartile Boundary Values 

[Percentile 25; Percentile 75]; COPD- Chronic Obstructive Pulmonary Disease; OSA- Obstructive Sleep Apnoea; ECMO: 

Extracorporeal Membrane Oxygenation). 

 

  

 Group A (n = 8) Group B (n = 8) Group C (n = 8) 

Variables 

B
o
d
y
/M

as
s 

V
al

u
es

 

Age, years, (median; IQBV)  52.00 (43.25; 62) 55.00 (51; 66.75) 65.00 (60.25; 67.75) 

Weight, kg, (median; IQBV) 80.00 (72,50; 100.00) 95.00 (80.00; 117.50) 90.00 (80.00; 100.00) 

Height, cm, (median; IQBV) 170.00 (167.50; 180.00) 170.00 (170.00; 187.50) 175.00 (175.00; 175.00) 

BMI, kg/m2, (median; IQBV) 27.68 (26.91; 27.68) 31,18 (24.44; 35.66) 29,39 (26.12; 33.41) 

Number of days in ICU, days, (median; IQBV) 6.20 (4.65; 8.48) 13.42 (10.27; 21.36) 11.65 (7.37; 14.60) 

Comorbidities, n 7 7 5 

C
o

m
o

rb
id

it
ie

s,
 %

 

Arterial Hypertension 25 75 62.5 

Diabetes Mellitus 25 37.5 37.5 

Dyslipidemia 25 25 37.5 

Obesity 37.5 62.5 25 

Asthma 25 25 0 

COPD 12.5 0 25 

OSA 0 12.5 25 

Alcoholism  0 0 12.5 

Smoking 0 0 25 

Atrial Fibrillation 0 0 12.5 

Depression 12.5 0 0 

Peripheral arterial disease  12.5 0 0 

Hyperuricemia 0 0 12.5 

Stroke 0 0 12.5 

Carcinoma 0 0 0 

ECMO, n 0 0 12.5 

L
ab

. 

A
n

al
y

si
s 

Days between sample collection and patient 

decease, (median; IQBV) 
- - 5,00 (4.25; 11,50) 
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Chapter 4 – Results & Discussion 

4.1. FTIR Analysis Results 

4.1.1. First Assay Results 

The first step of this work involved testing two different metabolite extraction protocols, one using methanol and 

the other using a mixture of acetonitrile:methanol:water, as laid at in spectra below. Results from a small set of 

patients (figure 4.1.1.1) are presented and described below. Figure 4.1.1.1 shows the results obtained when testing 

the atmospherically corrected spectra versus no pre-processing. 

(A) 

 

(B) 

 

(C) 

 

(D) 

 

Figure 4.1.1.1 – (A) Spectral data retrieved from FTIR analysis, corresponding to Raw data (no pre-processing). (C) Spectral 

data when performed Atmospheric Correction. (B) Scores diagram from data (A) with Hotelling’s T2 ellipse at 5% significance 

for PC1 (90% variance) versus PC2 (5% variance). (D) Scores diagram from data (C) with Hotelling’s T2 ellipse at 5% 

significance for PC1 (50% variance) versus PC3 (10% variance). Program used, The Unscrambler X®  

Based on observations, the prepossessed (figure 4.1.1.1, B) spectra allowed better separation between samples that 

were submitted to methanol extraction from samples submitted to ACN:MeOH:H2O extraction.  

On figure 4.1.1.1, D,  PC3, with variance of 10%, had a major role in separating both extraction methods, since an 

imaginary line can be draw perpendicularly to the PC3 axis to separate both groups. For that reason, the PC3 

loading score plot was extracted (figure 4.1.1.2). 

 
Figure 4.1.1.2 - Loading plot for PC3 from figure 4.1.1.1(D). Loading scores are always limited between 1 and -1, which are 

expressed on the Y axis of the plot. On the X axis, are the corresponded variables that the principal components use, which are 

the wavenumbers (from 400 to 4000) used for FTIR analysis. 
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The loadings from each principal component describe the contribution from the variables and their correlation to 

the PC. Every PC has all variables (wavenumber in the case of FTIR) analysed, in this case, and the loading value 

describes how well a PC considers a certain variable/wavenumber. If a variable describes completely a PC, then 

its value is positive and close to 1, and samples that are well explained by that variable will be placed on the 

positive side of the PC in the score plot. In the other hand, if a variable does not contribute to a PC the loading 

value for that variable is very close to zero, however, if it has a negative loading value for that variable, the PC is 

inversely correlated, meaning that samples that have more tendency to be explained by that negative variable 

loading value will be placed on the negative side of the principal component in the score plot. Variables with close 

to zero loading scores can be overlooked as they do not contribute to separation along that principal component. 

And how does this loading score is interpreted in the PCA in the case of FTIR analysis? For a wavenumber with 

a positive high value on the loading score, all samples with a positive high score in that PC have higher values 

than average for that given variable. For a wavenumber with a loading value highly negative (closer to -1), the 

samples that have a negative score on that PC, in the PCA, have lower values than average. Meanwhile, samples 

with negative score on the PCA, for the PC in discussion, have a negative correlation with positive high values 

and a positive correlation with negative high values. 

In this way, one can know which wavenumbers contribute to the separation in the PCA plot, and thus deduce what 

group bond, or groups of bonds, are mainly contributing for the separation of the samples and finally assume what 

main family of molecules each group has (e.g., lipids, amides, and phospholipid esters). As observed on figure 

4.1.1.3, samples extracted with methanol have higher concentration/quantity of lipidic content, revealed by the 

loading peak of almost -0.1 on the wavenumbers 2924 cm-1 and 2853 cm-1, corresponding to vibrational 

frequencies from -(CH2)n groups from samples’ lipidic content. On the other hand, the cluster formed by samples 

extracted with ACN:MeOH:H2O had a higher influence from wavenumbers 1655 cm-1 and 1556 cm-1, denoting 

contribution from variables representing the functional group from amides (O=C-N-H), revealing major 

contribution from peptide bonds for separation from samples extracted only with methanol. 

It can also be stated that the influence of different solvents/mixtures used in extraction is being detected, since on 

one side, molecular vibrations associated with nonpolar molecules (lipids) can be observed, and on the other, 

amide groups from highly polar molecules. 

  

Figure 4.1.1.3 – Loading scores from PC3 enlightened in a red circle, majorly responsible for the separation of the two clusters 

on the PCA (right) from figure 4.1.1.1(C). 

 To minimize interferences and enhancing the biological/chemical signature from data, data pre-processing 

procedures announced on chapter 3.2 were performed and evaluated by PCA. Various spectra pre-processing 

techniques were evaluated by PCA, regarding the separation between samples that went thought the two distinct 

extraction methods, and the best results are shown on figure 4.1.1.4.  
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(A) 

 

(B) 

 
(C) 

 

(D) 

 

Figure 4.1.1.4 -  (A) Spectra resultant from Atmospheric and Baseline correction, and Unit Vector Normalization. (B) PCA 

(PC1 63% variance against PC2 17% variance) correspondent to spectra (A). (C) Spectra resultant from Atmospheric correction 

and Savitzky-Golay filter with a 2nd order polynomial and a 15-points window. (D) PCA (PC1 with 68% variance against PC2 

with 4% variance) resultant from spectral data (B). 

For the best pre-processing techniques (ATM+BC, ATM+BC+UVN, ATM+SG 2nd derivate 15pnts window), 

spectral outliers were identified (reported on table 4.1.1.1) according to the explained variance, F-residuals in 

function of Hotelling’s’ T2 and Hotelling’s ellipse both at 5% significance. New analyses were conducted for the 

respective pre-processing without those outliers. 

Table 4.1.1.1 - Samples identified as outliers in replicates of FTIR serum spectra from the 6 patients samples, extracted with 

methanol and ACN:MeOH:H2O extraction protocols, and submitted to the three best considered pre-processing corrections. 

Pre-processing Patient(s) Extraction method ID designation excluded 

Atmospheric correction + Baseline correction 

1 Methanol 1_4 

4 ACN:MeOH:H2O 22_4 

5 ACN:MeOH:H2O 29_2 

6 
ACN:MeOH:H2O 36_1; 36_2; 36_4 

Methanol 33_2 

Atmospheric correction + Baseline correction + 

Unit Vector Normalization 
6 

Methanol 33_2 

ACN:MeOH:H2O 35_4; 36_1; 36_2; 36_4 

Atmospheric correction + SG (2nd derivate 15pnts 

window) 

1 Methanol 1_4 

3 ACN:MeOH:H2O 16_4 

 

Hierarchical Clustering Analysis (HCA) was attempted for the three pre-processing methods mentioned above. 

HCA for Unit vector Normalization applied to atmospheric and baseline correction data, achieved 77,8% accuracy 

for the outcome (death or survival),  regardless of the extraction method. Remaining results for the other pre-

processing methos did not reveal any type of clustering regarding the outcome of the patients (survival / deceased) 

or the method of extraction used for the samples. These analyses were applied for both all sample population and 

for samples without replicates (medians used). Result for the better result is shown on figure 4.1.1.5. 

Misclassified patient samples from UVN+ATM+BC HCA are corresponded to patient 6 (misclassified as dead), 

patient 5 (misclassified as alive), and patient 4 (who had only one sample misclassified as dead). Possible causes 

for misclassification of patient 5 can be attributed to the fact that even though being the older patient from the 

group, with 63 years old, had the lowest BMI, no apparent associated comorbidities, with the lowest number of 
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days submitted to mechanical ventilation (4 days compared to 14 and 16 days from the other patients) and as well 

the lowest number of days in hospital (7 days compared with 17 and 23 from the patients who died). These 

variables could confuse patient 5 as possible candidate to survive, having this patient a biological signature more 

relatable to patients from the survival group. The specific outcome of this patient was clinical picture aggravation 

concerning pulmonary, and pulmonary tract atelectasis (total to partial collapse), and possible inflammatory 

exacerbation due to bacterial infection  acquisition (non-identified) on the upper respiratory tract. Due to 

complexity and irreversibility of this patient condition, patient 5 obituary occurred upon ECMO suspension. 

Patient 6, being part of the alive group by the time of the analysis (outcome unknown due to hospital transference), 

is probably misclassified as a dead patient derived from the fact that this patient had a serious respiratory 

insufficiency with pulmonary superinfection of MSSA and K. pneumoniae cumulatively with fungal infection with 

Candida albicans. Adding a myopathy due to prolongated ECMO and ventilatory support, this patient must have 

had a serum biological signature resembling a possible death outcome when compared with patient 6. 

These findings should be compared to a broader patient database in order to determine and weight these 

conclusions, which may be skewed or biased owing to a small sample size analysis. A simple answer to this 

problem is to continue this research within the context of the PREMO project, which has collected over 4000 

samples from over 350 patients so far. 

 

Figure 4.1.1.5 - Hierarchical Cluster Analysis for serum pre-processed with atmospheric and baseline correction with unit 

vector normalization. HCA complete linkage method and cosine correlation distance metric was used. Medians for replicas 

were used for this analysis. 8/36 samples were misclassified, corresponding to samples 31, 32 and 34 (corresponding to 

extraction samples from patient 6 submitted to methanol extraction); sample 24 (sample from patient 4 from ACN:MeOH:H2O); 

samples from patient 5 (sample number 28 and 29 from ACN:MeOH:H2O, and 25 and 26 from methanol extraction). Program 

used, Orange 3.32. 

Machine learning techniques were applied to the 3 pre-processed databases, to infer the data quality to predict the 

patients’ outcome. Results are shown in the table below (table 4.1.1.2). All data was used to conduce this analysis, 

and as for the parameters used in the test and scores, they were done using Leave One Out (LOO).  

In order to not entering too deep in the explanation of each algorithm used, a brief description of each machine 

learning model will be given. Support-vector machine (SVM) is a learner that tries to maximizes the data space 

between the attributes (class variables of interest), given the name, hyperplane, and in this way maximizes the 

margin between instances of different classes [118].  Neural Network uses a multi-layer perceptron algorithm, 

making this model appropriate for learning linear and non-linear data models [119]. AdaBoost (from Adaptive 

Boosting), the principle behind boosting algorithms is first we built a model on the training dataset, then a second 

model is built to rectify the errors present in the first model. This procedure is continued until and unless the errors 

are minimized, and the dataset is predicted correctly[120]. k-nearest neighbours (kNN) algorithm consists in data 

classification according to the proximity of the test data, this model relies on the distance for classification [121]. 

Stochastic gradient descent (SGD) evaluates how well the model fits the data by finding the sum of the squared 

Dead 

Alive 
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residuals' derivative lowest value that corresponds to the model that fits better to all variables in the data, but this 

process is too slow for data with hundreds of variables, so this model uses a stochastic (random) algorithm that 

accelerates this process without compromising the results [122]. 

Table 4.1.1.2 - Test and scores result for all learning method. Sampling type: Leave One Out (LOO); Evaluation results for 

target (death / survival): average over class. Models were run on default setup offered by Orange 3.32 software. (Abbreviations: 

SVM: Support Vector Machine; kNN: k-nearest neighbours algorithm; SGD: Stochastic Gradient Descent; AUC: Area Under 

the Curve; CA: Classification Accuracy; F1: F1-score is the harmonic mean of precision and recall). 

Model 

ATM+BC ATM+BC+UVN ATM+S-Golay 

AUC CA F1 Precision Recall AUC CA F1 Precision Recall AUC CA F1 Precision Recall 

SVM 0.97 0.93 0.93 0.94 0.93 0.98 0.95 0.95 0.95 0.95 0.73 0.68 0.68 0.68 0.68 

Neural 
Network 

0.99 0.97 0.97 0.97 0.97 0.98 0.97 0.97 0.97 0.97 0.84 0.77 0.77 0.77 0.77 

AdaBoost 0.74 0.74 0.74 0.74 0.74 0.92 0.92 0.92 0.92 0.92 0.81 0.81 0.81 0.81 0.81 

kNN 0.89 0.82 0.82 0.82 0.82 0.96 0.92 0.92 0.92 0.92 0.44 0.48 0.48 0.48 0.48 

SGD 0.94 0.94 0.94 0.94 0.94 0.98 0.98 0.98 0.98 0.98 0.83 0.83 0.83 0.83 0.83 

 

Evaluation of the 5 predictive models on this set of wavenumbers (400 to 4000 cm-1) in the 3 pre-processed data 

sets showed best results using Stochastic Gradient Descend regression model on data pre-processed with 

atmospheric and baseline correction scaled with unit vector normalization, therefore all following results are based 

on this model and dataset . The average area under the curve (AUC) was calculated at 0.98 for outcome (death or 

survival), demonstrating good predictive power of serum FTIR analysis. Representative receiver operating curve 

(ROC) of one model from one pre-processed data is shown in figure 4.1.1.6. 

 
Figure 4.1.1.6 - Predictive model based on the 400 to 4000 cm-1 wavenumbers for patient outcome. 144 samples total ran 

through the Stochastic Gradient Descent model, ran on default parameters on Orange 3.32. 

Confusion matrix from the regression model SGD is shown below (table 4.1.1.3) 

Table 4.1.1.3 – Confusion matrix for patient outcome, from SGD regression model. Percentages relative to proportion of 

predicted samples. 

Outcome 

Predicted  

Death Survival Σ 

A
ct

u
al

 Death 97.3% 1.4% 72 

Survival 2.7% 98.6% 72 

Σ 73 71 144 

 

Only three of the 144 samples were incorrectly categorised. Two samples from patient 3 were incorrectly identified 

as dead, whereas just one sample from patient 5 was incorrectly identified as living. Two of these three samples 

were extracted using the methanol extraction methodology (one from patient 3 and one from patient 5), with the 

left sample from patient 3 being extracted with the ACN:MeOH:H2O protocol. 



33 

Workflow carried can be observed below (figure 4.1.1.7). 

 

Figure 4.1.1.7 – Workflow for prediction using various machine learning algorithms. HCA analysis was conducted for all 

replicates (144 samples), and for median values (36 samples). This workflow ran three times, corresponded to the three data 

pre-processing techniques chosen. Consider that analysis took over one hour for each pre-processing due training and test 

methods adopted. 

With this chapter it can be concluded that, regardless of the method of extraction used, FTIR analysis is capable 

of distinguishing dead patient samples from alive ones. One limitation associated with this work is that the number 

of patients is diminished and are not enough to create a robust enough model to be put in practice on the real world. 

A solution would be through continue this work and enlarge the dataset so it could be used as a database, and to 

be tested with new samples to corroborate the results obtained. 

4.1.2. Second Assay Results 

As this work has the objective to focus mainly on metabolomics and not so much in the lipidomics field, the 

ACN:MeOH:H2O extraction was selected and applied to the 2nd set of patients to identify any differences in the 

spectra related to the outcome (death or survival), and condition in ICU care (invasive ventilation or no ventilation). 

24 patients FTIR data was a PCA analysis on The Unscrambler X. Cluster from the 3 different groups formed by 

these patients was not revealed at first sight, however, it was identified a possible sample outlier due to the fact of 

having a totally different scale compared to the remaining samples. As it was only one replicate (sample 40 

replicate number 2), it was excluded from further analyses (figure 4.1.2.1).  

(A) 

 

(B) 

 

Figure 4.1.2.1 – (A) Spectra from data pre-processed with atmospheric and baseline correction from all patients of second study 

assay. (B) PCA from spectra mentioned, PC1 with 78% variance against PC2 with 17% variance.  
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Removing the second replicant from patient 40, permitted ameliorate the explained variance from the atmospheric 

and baseline correction data PCA (figure 4.1.2.2) 

(A) 

 

(B) 

 
Figure 4.1.2.2 – Explained variance for PCA (A) before patient 40 second replicate removal and (B) after removal. (blue line: 

calibration; red line: validation). 

To find differences between sample groups, pre-processing was performed, namely, Unit Vector Normalization 

and Savitzky-Golay filter. The PCA with best separation between classes is demonstrated on figure 4.1.2.3. 

Maximum Normalization was applied to atmospheric and baseline corrected data, retrieving among the pre-

processing methods used, the best clustering for the COVID positive patients who went through ventilation, who 

went through ventilation and died and survivors who did not need ventilation. It also had the higher explained 

variation compared to the other principal components from the other pre-processing PCA data. For these reasons 

following results are based on the atmospheric and baseline correction followed by maximum normalization 

model. 

 
Figure 4.1.2.3 – PCA score (PC2 13% variance against PC4 3% variance) from dataset pr-processed with atmospheric and 

baseline correction followed by maximum normalization, which divides each absorbance from a sample by its maximum value. 

All samples with all replicates from all groups were utilised apart from sample from patient 40 replicate number 2. 

Loading score for PC2 from figure 4.1.2.3 showed high positive values for wavenumbers ~3346 cm-1 to ~3286 cm-

1 and for wavenumbers ~1655cm-1, giving indication that sample separation occurred mainly by the influence, on 

PC2, of N-H bond stretching plausible from amides present in peptides or even RNA/DNA, possible implying a 

higher inflammatory state from group to group, being the non-ventilated alive group (group A) the patients with 

the least amount of free circulating peptide in their serum and deceased patients submitted to invasive mechanical 

ventilation (group C) with the higher amount of these peptide molecules in their circulation, indicative of a higher 

immune system response [123]. These findings are similar to those reported by Zhang et al [124] that concluded 

that that severity and disease outcome from SARS-CoV-2 infection was predicted from higher inflammatory 

associated peptides. 
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In the same loading score mentioned above a major noise signal was detected below 800 cm-1. Purging these data 

columns was done to ameliorate the PCA loading and score (figure 4.1.2.4). 

 
Figure 4.1.2.4 – Loading Score from PC2 from figure 4.1.2.3. As observed this principal component has a large loading weight 

>0.4 from wavenumber ~3346 to 3226 cm-1 and another peak at ~1655 cm-1. From the 800 cm-1 below the loading presents 

heavy negative values despite of the PCA report saying that this band was not impacting the Score. 

As expected, removal of data between 800 cm-1 and 400 cm-1 enhanced the performance of the PCA. The variation 

for PC2 increased from 13% to 16%, and explained the variance increased from 61,7% to 70,04% validation, 

starting from PC1. 

The next step was to select sample outliers according to the PCA Hoteling’s T2 at 5% significance and F-residuals 

on influence graphic, observed on table 4.1.2.1. 

Table 4.1.2.1 – Outlier identification. From dataset pre-processed with atmospheric and baseline correction followed by 

maximum normalization. 

Outliers 

Patient nr Group Replicate ID excluded 

21 B 2 21_2 

147 A 1 ; 2 147_1; 147_2 

191 A 2 191_2 

 

As to understand better the separation between the three sample groups, comparation in pairs was used as followed: 

COVID-19 positive patients who did not need ventilation against those who went through ventilation (figure 

4.2.1.5); COVID-19 positive patients who survived without ventilation against those who died and went through 

ventilation (figure 4.1.2.6); finally, COVID-19 positive patients that survived against those who died, both groups 

went through ventilation (figure 4.1.2.7). 

For patients who survived, and comparing the ventilation factor, PCA (figure 4.1.2.5) shows a tendency for 

separation along the principal component 2, with the samples from patients who did not receive ventilation being 

preferably allocated on the 1st and 4th quadrant of the PCA, and the patients who went through ventilation on the 

2nd and 3rd quadrants. This separation along PC2 has a major contribution from the wavenumbers ~3570 cm-1 to 

~3000 cm-1 and ~1660 ~1630 cm-1. Outlier samples were excluded during the PCA and testing classification 

algorithms (ID samples considered as out of cluster: 427_3; 401_1; 401_2; 21_2; 191:2; 191_3; 110_1) remaining 

40 samples in total. 
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(A) 

 

(B) 

 

Figure 4.1.2.5 – (A) PCA (Pc2 against PC7)  between samples from patients who did not go through ventilation (Group A)  and 

those who went through ventilation (Group B), both survived. (B) Principal component 2 loading score, the main PC that 

separates group A and B. It can be observed the main wavenumbers that influence this PC. 

Hierarchical clustering analysis did not reveal significant information regarding the condition of each patient. 

Machine learning algorithms were applied to the data, and the same algorithms as the chapter were employed, 

results are shown on table 4.1.2.1. 

Table 4.1.2.2 - Test and scores result for all learning method. Sampling type: Leave One Out (LOO); Evaluation results for 

target (Ventilation): average over class. Models were run on default setup offered by Orange 3.32 software. (Abbreviations: 

SVM: Support Vector Machine; kNN: k-nearest neighbours algorithm; SGD: Stochastic Gradient Descent; AUC: Area Under 

the Curve; CA: Classification Accuracy; F1: F1-score is the harmonic mean of precision and recall). 

 AUC CA F1 Precision Recall 

SVM 0.89 0.80 0.80 0.80 0.80 

Neural 

Network 
0.84 0.85 0.85 0.87 0.85 

AdaBoost 0.72 0.72 0.72 0.73 0.73 

kNN 0.86 0.75 0.75 0.75 0.75 

SGD 0.81 0.80 0.80 0.81 0.80 

 

Table 4.1.2.3 - Confusion matrix for patient condition: Ventilation status, from Neural Network prediction model. Percentages 

relative to proportion of predicted samples. 

                   Condition 

Predicted  

Non-Ventilated Ventilated Σ 

A
ct

u
al

 Non-ventilated 94.1% 21.7% 21 

Ventilated 5.9% 78.3% 19 

Σ 17 23 40 

 

Patients 40 (only one replicate), 191 (2 outliers samples and last as misclassified), 456  (only one replicate) , 13 

(two replicates) were misclassified as ventilated subjects. Only one replicate from patient 28 was misclassified as 

non-ventilated. 

For patients who had all their samples classified as outliers and misclassified, as patient 191, possible cause of 

misclassification could be due to variability in the demographics variables. This patient is one of the two obese 

patients of the group where it’s inserted with no more comorbidities to point, and accordingly with Huang et al a 

patient solely diagnosed with obesity has a odds ratio of 2.19 for invasive mechanical ventilation (IVM) 

requirement [125]. More serum from individuals with this comorbidity should be collected and analysed using 

FTIR to prove this claim, as only two obese people are insufficient to statistically validate this statement. 

Patient 13's major comorbidity is bronchial asthma, and even though this patient did not undergo ventilation, this 

comorbidity alone might trigger a metabolic shift, resulting in a blood biosignature similar to those in the 

ventilation group, since asthmatic patients have a higher tendency for IVM and COVID-19 severe state [126]. The 
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same statement written before is applied for this comorbidity, more samples from patients with this condition need 

to be gathered to validate this conclusion 

Between non-ventilated and ventilated patients, when death variable is analysed in PCA (figure 4.1.2.6), the 

principal component 2 persists as the main component to split alive patient samples from dead patient samples. 

Alive patients tend to be more dispersed and localized on 2nd and 3rd quadrant while ventilated death patient 

samples tend to be preferably assigned on 1st and 4th quadrant. Wavenumbers ~3370 cm-1 to 3295 cm-1 and ~1656 

cm-1 continue to have influence on PC2, and in this case samples from dead ventilated patients have higher than 

average values of absorbance for said wavenumbers, suggesting that these samples have a higher concentration of 

molecules correspondent to these chemical bonds than samples from alive patients. 

(A) 

 

(B) 

 

Figure 4.1.2.6 - A) PCA (PC2, 17% variance against PC4, 3% variance) between samples from patients who did not go through 

ventilation and survived (Group A)  and those who went through ventilation  and died (Group C). (B) Principal component 2 

loading score, the main PC that separates group A and C. It can be observed the main wavenumbers that influence this PC. 

Cluster analysis, as predicted, did not retrieve any kind of relationship between the samples of the same group. 

Various combinations of type of linkage and distance metric were modified get a better solution. However, in this 

real-world application, this data is denoted with higher dimensions and possibly not best suitable to be represented 

on a plot like this, which implies that poor correlations may be discovered, and worse, that this poor solution might 

not be identified as such by this type of algorithms. 

Due to the small patient group, the Leave One Out (LOO) validation was utilised to assess the learners, and the 

findings are shown in table 4.1.2.3. 

Table 4.1.2.4 - Test and scores result for all learning method. Sampling type: Leave One Out (LOO); Evaluation results for 

outcome, between samples from non-ventilated alive patients (group A) and ventilated deceased patient samples (group C): 

average over class. Models were run on default setup offered by Orange 3.32 software. (Abbreviations: SVM: Support Vector 

Machine; kNN: k-nearest neighbours algorithm; SGD: Stochastic Gradient Descent; AUC: Area Under the Curve; CA: 

Classification Accuracy; F1: F1-score is the harmonic mean of precision and recall). 

 AUC CA F1 Precision Recall 

SVM 0.84 0.77 0.77 0.77 0.77 

Neural 
Network 

0.93 0.85 0.85 0.85 0.85 

AdaBoost 0.57 0.57 0.57 0.57 0.57 

kNN 0.86 0.77 0.77 0.77 0.77 

SGD 0.85 0.85 0.85 0.86 0.85 
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The best learner was Neural Network with overall best area under the curve, precision, and recall, confusion matrix 

for the given learner is given on table 4.1.2.4. 

Table 4.1.2.5 - Confusion matrix for patient outcome: death, from Neural Network prediction model. Percentages relative to 

proportion of predicted samples. 

                     Outcome 

Predicted  

Survival Death Σ 

A
ct

u
al

 Survival 86.4% 16% 23 

Death 13.6% 84% 24 

Σ 22 25 47 

 

Samples misclassified by this model were on replicate from patient 40, which can be seen on the respective PCA 

well defined in the wrong cluster, being the remain sample well classified as alive. Patients 31, 37 and 84 had their 

1st replicate wrongly classified as alive patients samples, the remaining replicates from the respective patients were 

all well classified. 

Patient 13 had all replicates wrongly classified on the deceased patients’ group, with the same result reported on 

table 4.1.2.2. This patient with bronchial asthma could well be a candidate for ventilation. A comparation of 

samples along this patient internment during ICU stay is advised to denote any FTIR biosignature shift and 

compared again the different samples against non-ventilated, ventilated, and deceased ventilated patients’ samples. 

Ventilated alive patient samples and ventilated deceased patient samples were compared and the PCA that show 

relevant differences between these two groups is shown below (figure 4.1.2.7).  

(A) 

 

(B) 

 

Figure 4.1.2.7 - A) PCA (PC4 against PC6) between samples from patients who went through ventilation and survived (Group 

B)  and those who went through ventilation  and died (Group C). (B) Principal component 6 loading score, the main PC that 

separates group B and C. It can be observed the main wavenumbers that influence this PC. 

Machine learning algorithms scores are shown in the table below 

Table 4.1.2.6 - Test and scores results for all learning methods. Sampling type: Leave One Out (LOO); Evaluation results for 

outcome, between samples from ventilated alive patients (group B) and ventilated deceased patient samples (group C): average 

over class. Models were run on default setup offered by Orange 3.32 software. (Abbreviations: SVM: Support Vector Machine; 

kNN: k-nearest neighbours algorithm; SGD: Stochastic Gradient Descent; AUC: Area Under the Curve; CA: Classification 

Accuracy; F1: F1-score is the harmonic mean of precision and recall). 

 AUC CA F1 Precision Recall 

SVM 0.73 0.67 0.67 0.67 0.67 

Neural 
Network 

0.79 0.71 0.71 0.71 0.71 

AdaBoost 0.69 0.69 0.69 0.69 0.69 

kNN 0.80 0.77 0.77 0.77 0.77 

SGD 0.69 0.69 0.69 0.69 0.69 

 

kNN revealed to be the best learner, the respective confusion matrix is shown on table 4.1.2.6.  



39 

Table 4.1.2.7 - Confusion matrix for patient outcome and condition: death and ventilation status, from kNN prediction model. 

Percentages relative to proportion of predicted samples. 

                     Outcome 

Predicted  

Survival Death Σ 

A
ct

u
al

 Survival 86.4% 16% 23 

Death 13.6% 84% 24 

Σ 22 25 47 

 

Misclassified samples by the learning algorithm were from patients 427 (only one misclassified replica), 401 (one 

replica), 28 (one replica) and 110 (all replicas), misclassified as ventilated deceased samples. No apparent reason 

for patient 110 to be misclassified on the deceased patients’ group was found, with 54 years on the day of the ICU 

admission, only ten days allocated on ICU facilities, 5 of which submitted to IMV. Among the group this patient 

is the one with less comorbidities, arterial hypertension. 

Misclassified as alive ventilated patients, patients 79, 37 and 101 had one replica misclassified by the prediction 

model, patient 149 had 2 replicas misclassified. Patient  149, 67-year-old on day of ICU admission, stayed on this 

facility for 15 days, transferred to nursery on the sixteenth day, submitted to IMV for 16 days with no reported 

comorbidities. One of the main reasons for this patient to be misclassified as alive ventilated patient is that sample 

collection was done only two days after entry in ICU care, not giving enough time to settle the “right” biosignature 

denoted of a possible death outcome. A solution would pass through utilising, for example, a sample from this 

patient 24 hours before his death and see if the learning algorithm would still classify the sample as alive. 

The workflow applied to this analysis was as followed on figure 4.1.2.8. 

 

Figure 4.1.2.8 – Workflow performed on the three analyses from Chapter 4.1.2. 

 Overall sample classification from machine learning algorithms were good. Stands the same obstacle reported on 

the former chapter, the number of individuals that are studied are low. Noticeable separation from groups stands 

on the different expression level of N-H and C=O bonds (remarked from 3350 cm-1, 3295 cm-1, and 1650 cm-1), 

which can be explained for a higher immune response state and a higher infection/inflammation response 

[124,127,128].  
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4.2. UHPLC-MS Analysis Results 

4.2.1. First Assay Results – Extraction Procedure Comparison 

The same methodology was applied as chapter 4.1.1, and the two extraction methods were compared. Data from 

untargeted MS-based metabolomics were analysed in a meta-analysis perspective, and the main metabolites found 

to be significantly changed between samples are showed below. Results retrieved from Group A versus B, for 

comparison of different extraction procedures, are given on table 4.2.1.1 and figure 4.2.1.1. 

Comparing procedures for dead individuals yielded seven distinct metabolites from the chemical families of 

carboxylic acids (n=1), ketone bodies (n=1), vitamins (n=1), nucleoside compounds (n=1), lipids (n=2), and 

benzopyrans (n=1). The notable difference between the two methods was that all detected molecules had energy 

intensities greater for the methanol extraction but more substantial for the lipid molecule class, with a fold-change 

of roughly nine. 

Table 4.2.1.1 - Metabolites Results from subgroup A vs B. (Abbreviations: R.T: retention time; F.C.: fold-change). 

Dysregulation in this context means how much higher the intensities of the metabolite of group B is compared to group A (e.g., 

α-tocopherol has a 3.99 fold-change with dysregulation “Down”, this mean that group A has an intensity 3.99 times higher than 

B for the given molecule, and so, B is down-regulated relative to A). 

Metabolites p-value m/z 
R.T. 

(min) 
Pairwise job F.C. Dysregulation 

α-tocopherol 1.3e-9 431.3854 10.63 A vs B _ C18+ 3.99 DOWN 

(R)-lactate 1.2e-8 89.0247 2.10 A vs B _ HILIC- 2.1 DOWN 

Cytidine 1.4e-7 242.0790 1.66 A vs B _ C18- 2.35 DOWN 

4α-OCH3-4β-CH-5α-zymosterol 2.8e-5 429.3748 10.63 A vs B _ C18+ 9.02 DOWN 

α-carboxyethylhydroxychroman 4.3e-4 279.1602 8.22 A vs B _ C18+ 2.36 DOWN 

(R)-3-hydroxybutanoate 1.1e-3 103.0402 2.07 A vs B _ HILIC- 1.59 DOWN 

  

(A) 

 

(B) 

 

Figure 4.2.1.1 – (A) Box-Plot generated by the m/z intensities for each metabolite expressed in table 4.2.1.1. (α-Cehc is a 

synonym of α-carboxyethylhydroxychroman). Extracted ion chromatograms (EIC) for all metabolites here represented will be 

placed in the Appendix. (B) PCA resultant from allocating the m/z intensity of each metabolite of each group (A: Blue; B: Red) 

in The Unscrambler® X, is possible to see a fine discernment between group A and group B, being B better clustered in relation 

to A. 

With these results is easy to establish that there is a clear distinction between the two methods of extraction 

(Methanol vs ACN:MeOH:H2O). Although intensities are higher when looking to samples extracted with 

methanol, they have a greater dispersion as seen in figure 4.2.1.1. On the other hand, samples extracted with the 

ACN:MeOH:H2O solvent mixture show higher reproductible data, and cluster better in the PCA analysis. 

Next data continues to show the comparison between extraction methods but now among the samples of 

deceased patients, achieved by comparison of Group C and D (Table 4.2.1.2). Seven metabolites significantly 

dysregulated between each protocol were identified, belonging to the family carbohydrates and carbohydrates 

conjugates (n=1), hydroxy acids and derivates (n=2), lipids and lipid-like molecules (n=1), purine nucleotides 

(n=1), and pyridine / pyrimidine molecules (n=2). Lipid-like molecules continue to be down-regulated according 
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to results and concordant with the findings of the first comparison between protocols. Family classes that were 

retrieved with higher energy intensities (and extrapolating), in higher quantity were carbohydrates and 

carbohydrate conjugates, purine nucleotides, pyridines and derivatives, with a fold-change ranging between 1.97 

to 16.31. 

Table 4.2.1.2 - Metabolites Results from subgroup C vs D. (Abbreviations: R.T: retention time; F.C.: fold-change). 

Metabolites p-value m/z 
R.T. 

(min) 
Pairwise job F.C. Dysregulation 

D-sorbitol 3.2e-6 183.0854 1.68 C vs D _ C18+ 1.97 UP 

4-(3-pyridyl)-butanoate 4.4e-5 166.0848 2.27 C vs D _ C18+ 16.31 UP 

3'-dephospho-CoA 9.0e-5 688.1577 4.54 C vs D _ C18+ 8.86 UP 

(R)-3-hydroxybutanoate 4.4e-4 103.0405 2.09 C vs D _ HILIC- 1.78 DOWN 

(R)-lactate 2.4e-2 89.0247 2.08 C vs D _ HILIC- 1.47 DOWN 

Stearate 3.4e-2 283.2653 1.42 C vs D _ HILIC- 1.24 DOWN 

 

(A) 

 

(B) 

 

Figure 4.2.1.2 - Box-Plot generated by the m/z intensities for each metabolite expressed in table 4.2.1.2. Program used IBM 

SPSS Statistics. Extracted ion chromatograms (EIC) for all metabolites here represented will be placed in the Appendix. 

Extracted ion chromatograms (EIC) for all metabolites here represented will be placed in the Appendix. (B) PCA resultant 

from allocating the m/z intensity of each metabolite of each group (C: Blue; D: Red) in The Unscrambler® X, is possible to 

see a fine discernment between group C and group D, being in this case, D better clustered compared to D. 

A clear separation between groups is achieved. D-sorbitol, 4-(3-pyridyl)-butanoate and 3'-dephospho-CoA had 

higher intensities overall in samples submitted to extraction with ACN:MeOH:H2O. Although the clustering in 

PCA in figure 4.2.1.2 seems to be better for samples from group C, there is a plausible explanation, since there is 

no acquisition data for the samples on group D for HILIC column, due to loss of aliquots during the process of 

injection on the chromatographic columns, making detection of composts like (R)-3-hydroxybutanoate, (R)-

lactate, and stearate not possible for 12 samples from group D (ACN:MeOH:H2O extraction protocol), and 9 

samples from group C (methanol extraction). 

Eleven distinct metabolites were identified by the two distinct protocols, with molecules from the lipid family 

(n=3) being heavily up-regulated on samples extracted only with methanol, and molecules composed of nitrogen 

bonds (n=3) being primarily up-regulated on samples extracted with the ACN:MeOH:H2O protocol, consistent 

with the results obtained in chapter 4.1.1. 

As samples came from patients who survived and patients who died, we tried to determine if there were differences 

between these outcomes. And so, for the same extraction method, we went for comparing the outcome using the 

same extraction method, comparing group A vs C (methanol) and group B vs D (ACN:MeOH:H2O). 
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Regarding the methanol extraction method, results from the comparison between group A (deceased) and Group 

C (survivors) are displayed on table 4.2.1.3 and Figure 4.2.1.3. 

Table 4.2.1.3 - Metabolites Results from subgroup A vs C. (Abbreviations: R.T: retention time; F.C: fold-change). 

Metabolites p-value m/z 
R.T. 

(min) 
Pairwise job F.C Dysregulation 

α-D-glucose 3.1e-7 89.0247 2.09 A vs C _ HILIC- 1.94 DOWN 

α-L-iduronate 2.5e-3 193.0358 1.78 A vs C_ C18- 1.78 DOWN 

D-sorbitol 2.1e-3 181.0717 1.70 A vs C_ C18- 3.26 DOWN 

Biliverdin-IX-α 2.0e-7 583.2571 6.35 A vs C_C18+ 2.10 DOWN 

Palmitate 6.0e-4 257.2486 13.77 A vs C_C18+ 2.23 DOWN 

α-linolenate 1.3e-3 279.2328 7.84 A vs C_C18+ 1.78 DOWN 

Stearate 1.4e-3 285.2801 3.82 A vs C_C18+ 1.66 DOWN 

4-hydroxy-2-nonenal-glutathione conjugate 1.6e-3 465.2114 11.40 A vs C_C18+ 12.12 DOWN 

6-pyruvoyl tetrahydropterin 2.1e-3 238.0924 1.60 A vs C_C18+ 2.24 DOWN 

(4Z,7Z,10Z,13Z,16Z,19Z)-docosahexaenoate 2.1e-3 329.2443 11.09 A vs C_C18+ 1.58 UP 

4-(3-pyridyl)-butanoate 7.5e-3 166.0849 2.56 A vs C_C18+ 2.17 DOWN 

N-acetyl-β-neuraminate 8.1e-3 310.1146 1.91 A vs C_C18+ 1.45 DOWN 

2-trans-hexadecenal 9.3e-3 239.2375 15.52 A vs C_C18+ 1.58 DOWN 

 

(A) 

 

(B) 

 

Figure 4.2.1.3 – (A) Box-Plot generated by the m/z intensities for each metabolite expressed in table 4.2.1.3. Each metabolite 

is represented in both group A (left) and C (right). Y axis is expressed to the power of 0.3. On the X axis each metabolite is 

represented from left to right by the order indicated on the plot, program used IBM SPSS Statistics. Extracted ion 

chromatograms (EIC) for all metabolites here represented will be placed in the Appendix. (Abbreviation: 4-hydroxy-2-NGC: 

4-hydroxy-2-nonenal-glutathione conjugate). (B) PCA (PC 1 against PC 5) resultant from allocating the m/z intensity of each 

metabolite of each group (A: Blue; C: Red) in The Unscrambler® X. Although clustering could not be well achieved for both 

deceased and survivor patient samples, PC1 against PC5 could separate both groups. 

As observed on the boxplot from figure 4.2.1.3 (A) m/z intensities retrieved from deceased patients’ samples  

(group A) are more dispersed compared to samples from the survivor group (group C). Compared to the PCA 

(figure 4.2.1.3 (B)) the sample dispersion is relatively the same, achieving only the separation from survivor 

samples from deceased ones with use of PC1 (x-axis) with PC5 (y-axis). 
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When using the ACN:MeOH:H2O extraction samples from deceased patients had, an overall, higher m/z intensities 

for the metabolites found as seen on table 4.2.1.4. 

Table 4.2.1.4 - Predictive Metabolites Results from subgroup B vs D. (Abbreviations: R.T: retention time; F.C.: fold-change). 

Metabolites p-value m/z 
R.T. 

(min.) 
Pairwise job F.C. Dysregulation 

Hypoxanthine 6.2e-8 135.0302 1.83 B vs D _ C18- 2,04 DOWN 

Biliverdin-IX-α 2.8e-7 583.2568 6.40 B vs D _ C18+ 2,37 DOWN 

D-sorbitol 1.8e-4 183.0854 1.71 B vs D _ C18+ 2,65 DOWN 

N-formylkynurenine 4.6e-4 238.0926 1.60 B vs D _ C18+ 2,85 DOWN 

3,4-dihydroxy-5-all-trans-decaprenylbenzoate 1.2e-3 835.6668 11.25 B vs D _ C18+ 3,12 UP 

Sulfate 4.3e-3 96.9604 3.98 B vs D _ C18- 1,59 DOWN 

α-L-iduronate 4.8e-3 193.0358 1.78 B vs D _ C18- 2,18 DOWN 

4-(3-pyridyl)-butanoate 6.5e-3 166.0848 2.33 B vs D _ C18+ 1,90 DOWN 

Palmitate 2.0e-2 257.2485 1.04 B vs D _ C18+ 1,55 DOWN 

N-acetyl-β-neuraminate 3.5e-2 310.1145 1.98 B vs D _ C18+ 1,46 DOWN 

4α-OCH3-4β-CH-5α-zymosterol 4.6e-2 429.3743 10.66 B vs D _ C18+ 2,04 UP 

 

(A) 

 

(B) 

 

Figure 4.2.1.4 – (A) Box-Plot generated by the m/z intensities for each metabolite expressed in table 4.2.1.4. Program used 

IBM SPSS Statistics. (Abbreviations: Zymosterol: 4α-OCH3-4β-CH-5α-zymosterol; Decaprenylbenzoate: 3,4-dihydroxy-5-

all-trans-decaprenylbenzoate). (B) PCA (PC3 against PC4) resultant from allocating the m/z intensity of each metabolite of 

each group (B: Blue; D: Red) in The Unscrambler®. 

ACN:MeOH:H2O extraction had a worse group separation than Methanol extraction, when observing both PCA’s 

from figure 4.2.1.3(B) and figure 4.2.1.4(B).  
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4.2.2. Second Assay Results – Metabolome Analysis for Metabolite Identification 

From the second set of patients, 24 total patients were selected, 8 who had COVID-19 and were discharged (group 

A), 8 patients that were submitted to IMV (invasive mechanical ventilation) and got discharged, and 8 patients 

that were submitted to IMV and deceased on ICU. Samples were treated with the ACN:MeOH:H2O extraction 

protocol. 

Comparisons were done as followed: Group A versus B comparing, the variable “ventilation” between patients 

who survived; Group A versus C, comparing outcome between discharged patients and deceased ones; and group 

B vs C comparing the outcome between patients who had been through ventilation and survived and patients that 

went through ventilation and died. 

Group A vs B comparison retrieved 64 significantly altered features. To reduce this number, features were filtered 

to eliminate repeated metabolites in different acquisition modes. The minimum p-value acceptance was set to 

≤7.2e-4, resulting in 29 final unique metabolites. A second filter to the fold-change (fold-change ≥ 3 for both up- 

and down-regulation) was applied, achieving a final count of 8 metabolites displayed on table 4.2.2.1. figure 

4.2.2.1 shows these metabolites on boxplots as well as the PCA based on the metabolites’ intensities for the given 

m/z. 

Table 4.2.2.1 - Metabolites Results from the comparison between samples from COVID-19 patients who didn’t need ventilation 

and who went through ventilation (group A versus B, respectively). (Abbreviations: R.T: retention time; F.C.: fold-change). 

Metabolites p-value m/z 
R.T. 

(min) 
Pairwise job F.C. Dysregulation 

L-ascorbate 1.8e-6 175,03 7,61 A vs B _ HILIC- 4,03 UP 

Bilirubin 2.0e-6 585,27 4,50 A vs B _ C18+ 3,04 DOWN 

Thiamine 6.2e-6 264,11 1,88 A vs B _ HILIC- 16,22 UP 

N-acetyl-β-neuraminate 1.3e-5 310,11 1,68 A vs B _HILIC+ 9,87 UP 

5-methoxytryptophol 3.6e-5 190,09 1,86 A vs B _ HILIC- 4,70 UP 

3-keto-L-gulonate 4.8e-5 193,04 9,32 A vs B _ HILIC- 4,28 UP 

Calcitriol 7.2e-5 415,32 4,50 A vs B _ C18- 3,35 UP 

L-gulonate 2.0e-4 195,05 9,85 A vs B _ HILIC- 5,16 UP 

 

(A) 

 

(B) 

 

Figure 4.2.2.1 – (A) Box-Plot generated by the m/z intensities for each metabolite expressed in table 4.2.2.1. Y axis is expressed 

to the power of 0.5. Program used IBM SPSS Statistics. Extracted ion chromatograms (EIC) for all metabolites here represented 

will be placed in the Appendix. (B) PCA (PC1 against PC4) resultant from allocating the m/z intensity of each metabolite of 

each group (A: Alive Non-ventilated patients; B: Alive Ventilated Patients) in The Unscrambler®. 

When observing figure 4.2.1.1(B), group separation, with the variable ventilation on check, was well succeeded, 

patients who didn’t go through ventilation clustered better and had lower intensities for the metabolites presented 

(figure 4.2.2.1(A)). Only one replica from group A (non-ventilated) dispersed from the rest. Ventilated patients 

(group B) did not cluster onto PCA and had higher m/z intensities for the metabolites identified. These results 

suggest that patients that required ventilation displayed higher serum levels for the metabolites identified, except 

for bilirubin. 
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The HMDB  (Human Metabolome Database) ID for the metabolites on table 4.2.2.1 were retrieved and applied on 

MetaboAnalyst, for Metabolite Set Enrichment Analysis in order to identify the putative metabolic pathways that 

the metabolites take part [129,130]. The results are shown in the next figure. 

 

Metabolite Set p-value 

Thiamine Metabolism 0.0684 

Catecholamine Biosynthesis 0.146 

Carnitine Synthesis 0.16 

Oxidation of Branched Chain Fatty Acids 0.187 

Phytanic Acid Peroxisomal Oxidation 0.187 

Amino Sugar Metabolism 0.231 

Porphyrin Metabolism 0.274 

Tyrosine Metabolism 0.443 
 

Figure 4.2.2.2 - Metabolite Set Enrichment Analysis from the metabolites retrieved from group comparison between non-

ventilated and ventilated alive patients.  

Oxidative damage and inflammation are negative events that mutually reinforce each other contributing to 

inflammation and pro-clotting phenomena. L-ascorbate plays role as a potent antioxidant vitamin in the balance 

regulation of reactive oxidative species produced during host invasion by infectious targets such as SARS-CoV-

2, as well as important co-factor for pathways regulation like the ones mentioned on figure 4.2.2.2. During the 

acute phases of infection and by consequence inflammation, with no exception for COVID-19, ascorbate levels 

present in leukocytes and plasma is greatly reduced due to demand, being this molecule a possible predictive of 

the severity state of the organism. Vollbracht et al discusses more in deep the role of the ascorbate in the organism 

as a response to COVID-19 [131]. Higher levels of this molecule from the ventilated group could mean a positive 

response to the ventilation and overall therapeutics in reducing the infection and inflammation events. 

Bilirubin levels for samples from ventilated patients showed 3 fold-changes higher than the non-ventilated group, 

this could reflect a potential loss of hepatic function as a detoxification organ, as bilirubin normally binds to 

glucoronate to be excreted [132]. Hepatic dysfunction may be a predictor of illness severity, which is why patients 

with greater levels of this molecule might have been in the IMV group, owing to a higher severity condition.  

Thiamine (known as vitamin B1) has a role in immune system function modulation, and in preventing pulmonary 

oedema working as carbonic anhydrase isoenzyme inhibitor [133]. Ventilated patients had higher levels of this 

molecule compared to non-ventilated patients, suggesting that thiamine could be involved in the treatment of the 

IMV submitted patients, since human organism is unable to synthesise this nutrient. Further access to clinical 

therapeutic is needed to corroborate these findings. Calcitriol, vitamin D activated form founded in the body, also 

plays a similar role in the protection and balance of the  immune system to fight pathogens and prevent autoimmune 

diseases [134]. 

N-acetyl-β-neuraminate occurs in glycoproteins/lipids and polysaccharides and is excreted in urine and present in 

serum. High levels of these molecules in the biofluids mentioned could be indicative of renal failure [135]. 

Ventilated patients exhibit higher acetyl-neuraminate levels, reflecting a high severity when compared to non-

ventilated patients. 

5-methoxytryptophol, is an hormone synthetized from the pineal gland with protective effects in terms of 

antioxidant and immunomodulatory mechanisms [136]. Ventilated patients had the higher levels for this molecule, 

probably representing the good outcomes as alive discharged patients. 

Gulonate may be a by-product of the excretion and metabolization of glucoronate, and the last takes part in the 

process of glucuronidation that consists in linkage of the glucuronic acid to the substrate (normally therapeutic 

drugs) which makes the substrate molecules more water-soluble and easier to excrete. This process occurs at the 

hepatic level.  

For comparing groups, non-ventilated alive patients against ventilated deceased patients (group A versus C) the 

same methodology, as described above, was employed. A total of 52 metabolites (p-value ≤ 8,7E-05)  were found, 

and further filtration to reduce the metabolite number was applied. A p-value ≤ 7.2e-4 cut-off filter was set, leaving 
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25 metabolites still available. Metabolites with a fold-change lower than 3 for both up- and down-regulation were 

excluded, leaving 9 metabolites showed on table 4.2.2.2. 

Table 4.2.2.2 - Metabolites Results from group A vs C (nonventilated alive patients against ventilated deceased patients). 

(Abbreviations: R.T: retention time; F.C.: fold-change; FMN: Flavin Mononucleotide). 

Metabolites p-value m/z 
R.T. 

(min) 
Pairwise job F.C. Dysregulation 

Octanoate 1,6E-08 145.12 7.38 A vs C _C18+ 4,23 UP 

Thiamine 8,5E-07 266.12 6.30 A vs C _C18+ 7,86 UP 

Sucrose 3,7E-06 341.11 1.23 A vs C _C18- 3,84 UP 

α-L-iduronate 3,9E-06 193.04 9.31 A vs C _HILIC- 5,22 UP 

4-acetamidobutanoate 6,6E-06 144.07 5.71 A vs C _HILIC- 3,52 UP 

6-methoxy-3-methyl-2-decaprenyl-1,4-benzoquinol 2,0E-05 835.69 3.99 A vs C _C18+ 3,61 UP 

FMN 3,0E-05 455.10 1.20 A vs C _C18- 3,20 UP 

3'-dephospho-CoA 5,5E-05 688.16 4.00 A vs C _C18+ 3,83 UP 

α,α-trehalose 5,5E-05 341.11 9.07 A vs C _HILIC- 5,11 UP 

 

Intensities retrieved from the chosen metabolites were once again grouped up to generate the boxplot and the PCA 

scatter plot (figure 4.2.2.3). 

(A) 

 

(B) 

 

Figure 4.2.2.3 – (A) Box-Plot generated by the m/z intensities for each metabolite expressed in table 4.2.2.2. Program used 

IBM SPSS Statistics. (Abbreviations: Benzoquinol: 6-methoxy-3-methyl-2-decaprenyl-1,4-benzoquinol; FMN: Flavin 

Mononucleotide). Extracted ion chromatograms (EIC) for all metabolites here represented will be placed in the Appendix. (B) 

PCA (PC1 against PC4) from resultant from allocating the m/z intensity of each metabolite of each group (A: Alive Non-

ventilated patients; C: Ventilated deceased patients) in The Unscrambler®. 

As observed on table and figure 4.2.2.3 all metabolites are up-regulated for the samples from deceased ventilated 

patients. PCA from figure 4.2.2.3(B), shows that samples from alive patients are better clustered compared to 

samples from ventilated deceased patients, possibly related to the fact that m/z intensities for the named group are 

more dispersed as seen on boxplot from figure 4.2.2.3. 

The set of metabolites was submitted to enrichment analysis, however HMDB ID’s for octanoate and 6-methoxy-

3-methyl-2-decaprenyl-1,4-benzoquinol were not possible to retrieve, and the analysis was followed without these 

molecules (figure 4.2.2.4). 
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Metabolite Set p-value 

Pantothenate and CoA Biosynthesis 0.00791 

Thiamine Metabolism 0.0601 

Trehalose Degradation 0.073 

Vitamin B6 Metabolism 0.129 

Riboflavin Metabolism 0.129 

Starch and Sucrose Metabolism 0.194 

Beta-Alanine Metabolism 0.211 

Galactose Metabolism 0.233 

Arginine and Proline Metabolism 0.311 

Pyrimidine Metabolism 0.341 
 

Figure 4.2.2.4 - Metabolite Set Enrichment Analysis from the metabolites retrieved from group comparison between non-

ventilated alive and ventilated deceased patients samples.  

The only significant (p-value <0.01) metabolism, uncovered by enrichment analysis was pantothenate (vitamin 

B5) and CoA biosynthesis modulated by desphospho-CoA and flavin mononucleotide (FMN). This metabolism is 

mediated by exogenous intake of a micronutrient unable to be synthesized by the organism, vitamin B5, which is 

a precursor to coenzyme A, essential coenzyme in a variety of biochemical reactions that sustain life, such as TCA 

cycle, synthesis of fatty acids, steroid hormones, vitamins, acetylcholine (neurotransmitter), and fatty acids beta-

oxidation [137]. Deceased patient samples, exhibit higher energy levels for desphospho-CoA molecules compared 

to alive patient samples, possibly due to therapeutic intake of vitamins or possibly to dysregulation of the normal 

metabolism caused by SARS-CoV-2 metabolic sequestration. 

Thiamine metabolism was identified once again due to the presence of thiamine. Trehalose degradation identified 

in the presence of α,α-trehalose, from flavin mononucleotide arose vitamin B6, B2, beta-alanine, arginine, proline 

and pyrimidine metabolism, sucrose was considered part of the starch and sucrose, and galactose metabolism, with 

substantially low p-values for metabolic processes considered.  

Even though these metabolic processes were not significant the metabolites are and take part on metabolism than 

those identified and should be considered as biomarkers candidates to distinguish outcome between COVID-19 

patients. 

Octanoate , is a medium-chain free fatty acid that is mainly beta-oxidized on the liver on its free form and oxidized 

on its carnitine bound form on the skeletal muscle and myocardium. Since is related to the mitochondria energetic 

catabolism, this molecule could be indicator of any energetic dysregulation or potential organ failure [138]. 

Deceased patients sera had higher concentrations of free octanoate compared to survived patients. 

Vitamin B1 (thiamine), was once again found dysregulated, with higher levels for deceased patients. Possible cause 

for this phenomenon, could be in the therapeutical intake of this vitamin to ameliorate the patients’ condition. 

Further study of patients clinical data is advised. 

Sucrose, as well trehalose, are disaccharides compost of fructose and glucose, and two molecules of glucose 

respectively. Normally these sugars are break down into monosaccharides in the intestinal wall before reaching 

the bloodstream. Higher levels of this molecules on the serum, could demonstrate an impairment function of the 

enterocytes in producing the enzymes capable of break the sucrose [139]. In addition to this, if small intestine 

dysfunction caused by SARS-CoV-2, could make higher levels of sugar in blood, could be an addition factor for 

immune response exacerbation, since the glucose metabolism is said to be interconnected with the cytokine storm 

response [140,141]. The higher levels of sucrose molecules in the deceased patient samples, could be leading of a 

poor prognosis. 

Iduronate is a constituent of glycosaminoglycans, which could derived from the heparin therapy, as the patients 

undergo heavy anticoagulation therapy [142,143]. 

Acetamidobutanoate is a GABA (gamma aminobutyric acid) derivate, a product of the urea cycle and amino acid 

metabolism such as proline and arginine, and higher levels of this molecule could mean a high metabolic activity 

by patients in the deceased group. 
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6-methoxy-3-methyl-2-decaprenyl-1,4-benzoquinol is a hydroquinone that participates in the metabolism of 

vitamins such as riboflavin, which in turn is a precursor of metabolites like flavin mononucleotide, essential co-

factor for processes like beta-oxidation, TCA cycle, and other catabolic processes. Having high levels of these two 

mentioned molecules on the deceased patient sera, it’s a strong prove that metabolic processes are at high 

expression.  

Desphospho-CoA is precursor to the coenzyme A, and a metabolite part of the pantothenate (vitamin B5) 

metabolism. High levels of expression could be once again indicator of a high metabolic activity remarked on 

patients from the deceased group. 

A third comparison, between survivors and deceased patients, that been both trough ventilation (group B vs C), 

was performed, and 64 significantly altered metabolites were identified. Repeated metabolites were once more 

filtered, leaving 39 unique metabolites. P-value ≤7.2e-4 filter was applied, and 6 metabolites were left. When 

applied the fold-change ≥3 filter, no metabolites would be left, so this step was leaped. Table 4.2.2.3 shows the 

metabolites selected. 

Table 4.2.2.3 - Metabolites Results from subgroup B vs C. (Abbreviations: R.T: retention time; F.C.: fold-change). 

Metabolites p-value m/z 
R.T. 

(min) 
Pairwise job F.C. Dysregulation 

Phenylacetate 3,10E-06 135,045 1,82 B vs C _HILIC- 1,35 DOWN 

4-(3-pyridyl)-butanoate 9,40E-06 166,09 1,58 B vs C _C18+ 1,29 DOWN 

5,6-dihydrouracil 2,90E-04 113,04 9,09 B vs C _HILIC- 1,84 UP 

Stearate 3,10E-04 283,26 1,69 B vs C _HILIC- 1,31 DOWN 

Linoleate 5,80E-04 281,25 1,73 B vs C _HILIC+ 1,74 DOWN 

Octanoate 5,90E-04 145,12 7,37 B vs C _C18+ 1,62 UP 

 

Fold-change from the most significant metabolites were low compared to previous results. Deceased patients’ 

samples had higher intensity dispersion for the significant altered metabolites set (figure 4.2.2.5(A)). PCA scatter 

plot did not achieve a cluster between group B and C, but there is a tendency for samples from alive ventilated 

patients to be allocated on the 1st and 2nd  quadrants of the PCA, while deceased ventilated patients tend to be 

allocated on the 3rd and 4th quadrant (figure 4.2.2.5(B)). 

(A) 

 

(B) 

 

Figure 4.2.2.5 – (A) Box-Plot generated by the m/z intensities for each metabolite expressed in table 4.2.2.3. Intensity for the 

given metabolite (y-axis) is expressed to the power of 0.5. Program used IBM SPSS Statistics. (Abbreviations: Butanoate: 4-

(3-pyridyl)-butanoate). Extracted ion chromatograms (EIC) for all metabolites here represented will be placed in the Appendix. 

(B) PCA (PC1 against PC3) resultant from allocating the m/z intensity of each metabolite of each group (B: Alive Ventilated 

patients’ samples; C: Deceased Ventilated patients’ samples) in The Unscrambler®. 

Enrichment analysis, with exception of octanoate was executed, results on figure 4.2.2.6. 
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Metabolite Set p-value 

Phenylacetate Metabolism 0.0433 

Alpha Linolenic Acid and Linoleic Acid 

Metabolism 
0.0896 

Plasmalogen Synthesis 0.121 

Mitochondrial Beta-Oxidation of Long Chain 

Saturated Fatty Acids 
0.13 

Beta-Alanine Metabolism 0.156 

Pyrimidine Metabolism 0.257 
 

Figure 4.2.2.6 - Metabolite Set Enrichment Analysis from the metabolites retrieved from group comparison between ventilated 

alive and deceased patients samples. 

The phenylacetate metabolism, identified with the contribution of phenylacetate, was the only statistically valid 

metabolism. Because phenylacetate metabolism promotes nitrogen excretion in individuals with urea cycle 

abnormalities, it is significant for therapeutic purposes [144]. Also, concentration shift of this molecules could be 

possible due to COVID-19 cytopathic renal damage and ECMO therapy in the patients, that in addition to blood 

oxygenation it functions as a haemodialysis system, altering the blood levels of this molecule. Further information 

about the patients regarding the procedures executed are needed to evaluate these results. 

Linoleate was considerate to be involved in the metabolism of Alpha Linolenic Acid and Linoleic Acid 

Metabolism. The remaining metabolisms with substantially higher p-values were, Plasmalogen Synthesis, 

Mitochondrial Beta-Oxidation of Long Chain Saturated Fatty Acids, with contribution from the stearate molecule 

identified with higher energy intensities for the ventilated alive patients, possible indicative of higher energetic 

catabolism for the ventilated group. Beta-alanine metabolism and pyrimidine metabolism were considered due to 

existence of  5,6-dihydrouracil which was in a higher intensity state on ventilated deceased patients. 

4-(3-pyridyl)-butanoate, is a pyridine derivate with few information available, being only associated with nicotine 

degradation and involved in smoking and lung cancer studies [145]. Despite the levels of this metabolite being 

higher for the ventilated alive group, only two patients in this study were reported to be smokers, being inserted 

on the deceased patients group. 

Dihydrouracil (5,6-Dihydrouracil) is an uracil metabolite that has been used to detect dihydropyrimidine 

dehydrogenase (DPD)-deficient individuals. DPD activity deficiencies relate to decreased 5,6-Dihydrouracil 

catabolism, which can result in severe toxicity in a variety of clinical situations. Because DPD deficiency inhibits 

the metabolic breakdown of 5,6-Dihydrouracil, the build-up of this uracil in the plasma of individuals with clinical 

conditions can be recognised [146]. Higher levels of this molecule on deceased patients could be indicative of a 

metabolic disorder related to liver function or even peripheral mononuclear cells function impairment, since that 

dihydrouracil conversion occurs only in these two cell types that possess DPD enzyme. 

Octanoate was found up-regulated on the deceased patients’ group, as a free fatty acid, it is only oxidized at the 

liver mitochondria, and higher blood levels of this molecule might be indicative of organ dysfunction, namely at 

liver level [138].  
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Machine learning algorithms applied to mass spectrometric data collected from the 3 groups comparison achieved 

excellent results, table below shows performance parameters and algorithms used. 

Table 4.2.2.4 – Machine learning results from samples retrieved from mass spectrometer data from the second assay patients’ 

samples.  Models computed to determine in each data set the patient submission to ventilation (group A vs B); outcome between 

non-ventilated and ventilated deceased patients (group A vs C); outcome between ventilated patients (Group B vs C).  Sampling 

type: Leave One Out (LOO); Evaluation results for target: average over class. Models were run on default setup offered by 

Orange 3.32 software. (Abbreviations: SVM: Support Vector Machine; kNN: k-nearest neighbours algorithm; SGD: Stochastic 

Gradient Descent; AUC: Area Under the Curve; CA: Classification Accuracy; F1: F1-score is the harmonic mean of precision 

and recall). 

Model 

A vs B A vs C B vs C 

AUC CA F1 Precision Recall AUC CA F1 Precision Recall AUC CA F1 Precision Recall 

SVM 1.00 1.00 1.00 1.00 1.00 1.00 0.98 0.98 0.98 0.98 0.96 0.96 0.96 0.96 0.96 

Neural 

Network 
1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.97 0.96 0.96 0.96 0.96 

AdaBoost 1.00 1.00 1.00 1.00 1.00 0.98 0.98 0.98 0.98 0.98 0.90 0.90 0.90 0.90 0.90 

kNN 0.983 0.875 0.874 0.886 0.875 0.99 0.90 0.90 0.91 0.90 0.78 0.75 0.75 0.75 0.75 

SGD 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.96 0.96 0.96 0.96 0.96 

 

Overall predictions from the mass spectrometry data could distinguish samples from each group. The best 

algorithm to achieve the results desired was the neural network. Only comparation between the ventilated 

discharged patients and ventilated deceased patients (group B vs group C) had two misclassified samples, 

corresponding to one replica from patient 21 and one replica from the patient 31. Confusion matrix table is shown 

below (table 4.2.2.5) 

Table 4.2.2.5 – Confusion matrix retrieved from neural network. Ventilated discharged patients versus ventilated deceased 

patients (group B vs C). Percentages relative to proportion of predicted samples. 

                     Outcome 

Predicted  

Survival Death Σ 

A
ct

u
al

 Survival 95.8% 4.2% 24 

Death 4.2% 95.8% 24 

Σ 24 24 48 

 

The set of metabolites chosen for each comparison were enough to distinguish between each patient sample 

condition and/or outcome, revealing that these molecules can work as future biomarkers for prediction of future 

patients’ condition and outcome on ICU admission. 

 

Figure 4.2.2.7 – workflow for learning and prediction analysis for chapter 4.2.2. 
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Chapter 5 – Conclusion 
It can be concluded that in the 1st assay for testing the two extraction protocols influence on the metabolites 

analysed the methanol extraction had a lipidic signature patent on FTIR analysis by the wavenumbers 2924 cm-1 

and 2853 cm-1. These results are concordant with the LC/MS analysis, where it was found that lipid molecules 

(stearate, 4α-OCH3-4β-CH-5α-zymosterol, 2-trans-hexadecenal, and α-tocopherol) were up-regulated, with a 

fold-change between 1.24 and 9, higher for the methanol protocol. On the other hand, ACN:MeOH:H2O had a 

FTIR signature more relatable to peptide bonds, with influence of the wavenumbers 1655 cm-1 and 1556 cm-1. 

Results from mass spectrometry were concordant as well, the ACN:MeOH:H2O protocol revealed higher values 

for purine and pyridine like molecules (3'-dephospho-CoA, 4-(3-pyridyl)-butanoate) with fold-changes between 

8.86 and 16.31. 

Regardless of the extraction protocol, prediction for outcome (dead/alive) reached an AUC of 0.98 with the 

Stochastic Gradient Descent, with FTIR spectral data. 

For the 2nd essay, the sample pool size was raised to 8 individuals per group, with the addition of one condition, 

invasive mechanical ventilation, giving raise to three distinct groups, non-ventilated discharged patients, ventilated 

discharged patients and ventilated deceased patients, all COVID-19 positive. Using the FTIR Spectral data, 

predictions were generated for each comparison, and AUCs of 0.84 for ventilation between discharged patients, 

0.93 between discharged and deceased patients, and 0.79 between discharged ventilated and deceased ventilated 

patients were obtained. Using LC-MS data for the same patients, AUCs of 1.00 ( for ventilation status and outcome 

between non-ventilated and ventilated deceased patients) and 0.97 were achieved for the three comparisons. 

Despite the better results for LC-MS data, the effort to achieve these grades are far higher than FTIR analysis, 

since the time it takes to perform a LC-MS analysis is scaled to hours or even days depending on the sample size, 

and FTIR analysis takes seconds to minutes for the same sample size. Data from LC-MS must first be converted 

to a format that is compatible with the software used for MS analysis and then uploaded to that platform for 

metabolite investigation, and only after that is data suitable for inquiry and conclusion. Even so LC-MS data has 

higher quality when defining what metabolites are at each sample, as on the second assay it was possible to observe 

what metabolites were up- and down- regulated for each group, and it was possible to determine the putative 

metabolic pathways associated to each comparison. The metabolites collected were mostly connected with 

infection and inflammatory metabolism, such as dysregulation at the energetic catabolic level (TCA cycle and 

beta-oxidation of free fatty acids). Metabolites were discovered to be connected with the metabolism of potentially 

therapeutic molecules such as vitamins and elements related to hepatic and renal dysfunction. 

The collective metabolites were predictive of outcomes and ventilation status across all comparisons, 

demonstrating a viable prospective biomarker for COVID-19 outcome prediction. FTIR analysis has a great 

potential to follow the patients’ outcome, with promising prediction values and a much lower sample time analysis. 
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Chapter 6 – Future Work & Perspectives 
In this thesis, we addressed the problem of biomarker discovery for COVID-19 based on conventional and non-

conventional metabolomic platforms, mass spectrometry and Fourier-transform infrared spectroscopy. One of the 

main contributions of this work was to address the impact of the solvent used to extract the desired metabolites, as 

one extraction method only with methanol yields a higher lipidic content and another extraction method with 

acetonitrile, methanol, and water yields a molecular profile rich in peptide family metabolites. On the other hand, 

both techniques had the capacity to identify differences between the established groups, proving that the 

biomarkers identified were of value, being on the FTIR case the wavenumbers related to the peptide bonds and 

possibly RNA/DNA bonds, and in the case of the mass spectrometry data the metabolites with significant 

dysregulation levels. 

Globally, the results obtained were promising. FTIR data was capable of distinguish deceased patients samples 

from discharged patients samples, as observed on chapter 4.1.1, as well as to observe the impact on the solvent or 

mixture of solvents used for the samples. On chapter 4.1.2 the aim was more ambitious, as a new condition status 

was added, invasive mechanical ventilation. Even so, the prediction algorithms were able to distinguish between 

ventilated from non-ventilated patients and outcome (discharged/ deceased). 

In order to better understand the sample composition conventional metabolomics was employed, by resolving to 

LC/MS. The number of instances studied were far less when compared to the 400 cm-1 to 4000 cm-1, which 

facilitated analysis and a better comprehension of the metabolic state of each group. However, mass spectrometry 

is an extensive and slow platform, compared to FTIR analysis. MS analysis is scaled in hours to days when 

analysing a small population like in this work (a total of 30 patients were studied), when FTIR takes seconds to 

minutes to analyse the same number of samples. 

Notwithstanding, there is still much that can be done in this work. The main obstacle that this work faced was the 

sample size. Each group contained from 3 or 8 patients, which poses a serious risk of not representing the 

population of the Hospital São José. Regardless, the metabolites discovered had statistical value and for the 

samples chosen it was able to predict the outcome and the ventilation condition for the patients. A future 

perspective is to extend the population size with the goal of creating a realistic database, in terms of size, with 

FTIR serum profiles, and metabolomics data, capable of predicting patient prognosis in a fast, simple and 

systematic way, paving the way for a new tool in the help for treatment and care of patients. 

From an experimental standpoint, the contributions of this work lie in the development of a work methodology 

that can fit the everyday workflow in an analysis laboratory, as demonstrated here by the transition from a wet lab 

to an exploratory data analysis with the interconnected use of various programmes such as, XCMS, MetaboAnalyst 

5.0,  The Unscrambler X, IBM SPSS Statistics, and ORANGE Data Mining 3.3. 

Regardless of the performance of the algorithms used and the approaches taken, the following ideas could be 

tested:  

1. Design of a unified model including both FTIR and MS data, to combine both platforms and obtain one 

model with higher accuracy and performance. 

2. It would be easier to understand and interpret the data acquired if the clinical factors were taken into 

consideration and related to the metabolites discovered, this would only be possible by having a group 

force working on, like in the PREMO Project. 

As part of the PREMO project, it is heartening to state that this study can provide some perspectives for continuing 

the development and validation of novel ways of interpreting data and perhaps using them in a hospital setting. 
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Appendix 
(A) 

 

(B) 

 
(C) 

 

(D) 

 
(E) 

 

(F) 

 

Figure 1 – 1st assay EIC’s of (A) α-tocopherol; (B) (R)-lactate; (C) Cytidine; (D) 4α-hydroxymethyl-4β-methyl-5α-zymosterol; 

(E) α-carboxyethylhydroxychroman; (F) (R)-3-hydroxybutanoate. Chromatograms are represented with intensity for the given 

m/z in Y axis with the retention time for that same m/z in X axis. Signals are separated in Group A (Black) and Group B (red).  
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Figure 3- 1st assay EIC’s of (A) D-sorbitol; (B) 4-(3-pyridyl)-butanoate; (C) 3'-dephospho-CoA; (D) (R)-3-hydroxybutanoate; 

(E) (R)-lactate; (F) stearate. Chromatograms are represented with intensity for the given m/z in Y axis with the retention time 

for that same m/z in X axis. Signals are separated in Group C (Black) and Group D (red).  
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Figure 4 – 1st assay EIC’s of (A) α-D-glucose; (B) α-L-iduronate; (C) D-sorbitol; (D) biliverdin-IX-α; (E) palmitate; (F) α-

linolenate; (G) stearate; (H) 4-hydroxy-2-nonenal-glutathione conjugate; (I) 6-pyruvoyl tetrahydropterin; (J) 

(4Z,7Z,10Z,13Z,16Z,19Z)-docosahexaenoate; (K) 4-(3-pyridyl)-butanoate; (L) N-acetyl-β-neuraminate; (M) 2-trans-

hexadecenal. Chromatograms are represented with intensity for the given m/z in Y axis with the retention time for that same 

m/z in X axis. Signals are separated in Group A (Black) and Group C (red). 
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Figure 5 - 1st assay EIC’s of (A) hypoxanthine; (B) biliverdin-IX-α; (C) D-sorbitol; (D) N-formylkynurenine; (E) 3,4-

dihydroxy-5-all-trans-decaprenylbenzoate; (F) sulfate; (G) α-L-iduronate; (H) 4-(3-pyridyl)-butanoate; (I) palmitate; (J) N-

acetyl-β-neuraminate; (K) 4α-hydroxymethyl-4β-methyl-5α-zymosterol. Chromatograms are represented with intensity for the 

given m/z in Y axis with the retention time for that same m/z in X axis. Signals are separated in Group B (Black) and Group D 

(red).  
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Figure 6 - 2nd assay EIC’s of (A) L-ascorbate; (B) bilirubin; (C) thiamin; (D) N-acetyl-β-neuraminate; (E) 5-methoxytryptophol; 

(F) calcitriol; (G) aldehydo-D-glucuronate; (H) L-gulonate. Chromatograms are represented with intensity for the given m/z in 

Y axis with the retention time for that same m/z in X axis. Signals are separated in Group A (Black) and Group B (red)  
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Figure 7 - 2nd assay EIC’s of: (A) Octanoate; (B) Thiamin; (C) Sucrose; (D) α-L-iduronate; (E) 4-acetamidobutanoate;(F) 6-

methoxy-3-methyl-2-decaprenyl-1,4-benzoquinol; (G) FMN; (H) 3'-dephospho-CoA; (I) α,α-trehalose. Chromatograms are 

represented with intensity for the given m/z in Y axis with the retention time for that same m/z in X axis. Signals are separated 

in Group A (Black) and Group C (red). 
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Figure 8 - 2nd assay EIC’s of: (A) 4-(3-pyridyl)-butanoate; (B) octanoate; (C) phenylacetate; (D) 5,6-dihydrouracil; (E) stearate; 

(F) linoleate. Chromatograms are represented with intensity for the given m/z in Y axis with the retention time for that same 

m/z in X axis. Signals are separated in Group B (Black) and Group C (red). 

 


