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RIASSUNTO 

I biofluidi sono sempre più riconosciuti per la loro capacità di riflettere i processi 

fisiopatologici. La loro raccolta mediante procedure minimamente invasive ne aumenta 

l’applicabilità clinica, supportando il monitoraggio longitudinale della progressione della 

malattia e la valutazione completa delle risposte terapeutiche. 

I biofluidi comprendono non solo cellule e molecole solubili, ma anche strutture mesoscalari 

(particelle da pochi nanometri a diversi micrometri) che costituiscono il cosiddetto secretoma 

nanostrutturato, che comprende sia particelle extracellulari non vescicolari sia Vescicole 

Extracellulari (EV). Le EV si sono dimostrate potenziali biomarcatori per diverse patologie, 

poiché trasportano molecole bioattive che riflettono la cellula di origine e, di conseguenza, la 

relativa condizione patologica. 

Sfruttare questa architettura multiscala consente di accedere a un panorama biomolecolare più 

ampio, aumentando sia la diversità dei componenti rilevabili sia la quantità di informazioni 

ottenibili. 

Nonostante tale potenziale, la traslazione clinica dei biofluidi interi e delle relative EV presenta 

ancora sfide significative: 

1. Benché l’analisi dei biofluidi sia già stata esplorata in ambito oncologico, dimostrando 

un forte potenziale per la diagnosi precoce e il monitoraggio di diversi tipi di tumori, la 

sua applicazione come fonte affidabile di biomarcatori per le malattie non oncologiche 

resta complessa. Ciò è in parte dovuto ai costi elevati e alla limitata accessibilità degli 

strumenti analitici. Inoltre, i saggi progettati per misurare un singolo biomarcatore 

spesso non riescono a cogliere la complessità e l’eterogeneità delle malattie. 

2. La traslazione clinica delle EV è ostacolata dalla loro eterogeneità, dalle dimensioni 

nanometriche e dalla bassa concentrazione, aspetti che rendono difficile la 

standardizzazione dei protocolli e dei flussi analitici. 

In questo contesto, l’obiettivo della tesi è applicare tecniche spettroscopiche a livello 

molecolare e mesoscalare, con un focus specifico sulle EV. Infatti, generando impronte 

biochimiche dettagliate e riproducibili, queste tecniche potrebbero fornire biomarcatori utili per 

applicazioni diagnostiche e per il monitoraggio di trattamenti terapeutici o riabilitativi. 

Le tecniche spettroscopiche vibrazionali, tra cui Spettroscopia Raman, Surface-Enhanced 

Raman Spectroscopy e Fourier Transform Infrared Spectroscopy, insieme alla spettroscopia di 

Risonanza Magnetica Nucleare, offrono caratteristiche analitiche uniche come approcci label-

free, analisi non distruttive e la necessità di una manipolazione minima del campione. 
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Inoltre, la capacità delle spettroscopie vibrazionali di analizzare simultaneamente un elevato 

numero di campioni contribuisce a ridurre i costi, facilitando la traslazione di questi metodi 

nella diagnostica clinica per un’analisi multiscala. 

Sfruttando tali vantaggi, questo lavoro si è focalizzato su diversi biofluidi: la saliva, per lo 

studio di malattie respiratorie quali Broncopneumopatia Cronica Ostruttiva, Asma, Sindrome 

delle Apnee Ostruttive del Sonno e COVID-19, e plasma o siero, per l’analisi della Intensive 

Care Unit-Acquired Weakness, della Leucemia Mieloide Cronica e della malattia di Parkinson, 

con l’obiettivo di valutare il potenziale clinico sia dei biofluidi interi sia delle loro EV nella 

diagnosi e nel monitoraggio di disturbi complessi e progressivi. 

Questa strategia multiscala ha permesso l’identificazione di firme associate a specifiche 

condizioni patologiche e ha dimostrato la capacità dei biofluidi interi e delle loro EV di catturare 

processi biologici complessi e le alterazioni indotte dalla terapia. 

In sintesi, questa tesi contribuisce ad affrontare bisogni clinici insoddisfatti attraverso l’impiego 

di tecniche spettroscopiche in grado di supportare diagnosi più precoci e di consentire ai clinici 

un monitoraggio più efficace della risposta terapeutica, orientando così le decisioni di 

trattamento e migliorando la gestione del paziente. Inoltre, l’approccio proposto offre nuove 

prospettive per l’utilizzo dei biofluidi interi e delle loro EV come biomarcatori affidabili in 

diverse patologie, rafforzando il loro potenziale ruolo nella medicina personalizzata e di 

precisione. 
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SUMMARY 

Biofluids are increasingly recognized for their ability to reflect pathophysiological processes. 

Their collection through minimally invasive procedures enhances their clinical applicability, 

supporting longitudinal monitoring of disease progression and a comprehensive assessment of 

therapeutic responses. 

Biofluids comprise not only cells and soluble molecules but also mesoscale structures (particles 

ranging from a few nanometers to several micrometers) that refer to the so-called 

nanostructured secretome, which includes both non-vesicular extracellular particles and 

Extracellular Vesicles (EVs). EVs have been shown to be potential biomarkersfor different 

diseases, as they transport bioactive molecules that mirror the cell of origin and, consequently, 

the associated pathology. 

Exploiting this multiscale architecture enables access to a broader biomarker landscape, 

increasing both the diversity of detectable components and the information that can be obtained. 

Despite this potential, the clinical translation of whole biofluids and their EVs still faces 

significant challenges: 

1. Although biofluid analysis has been explored in oncology, demonstrating strong 

potential for early diagnosis and monitoring of different types of tumors, its application 

as a reliable biomarker source for non-oncological diseases remains a major challenge. 

This is partly attributable to the high cost and limited accessibility of analytical 

instruments. In addition, assays designed to measure a single biomarker often fail to 

capture the complexity and heterogeneity of diseases. 

2. The clinical translation of EVs is hindered due to their heterogeneity, nanoscale size, 

and low concentration, all of which complicate the standardization of protocols and 

analytical workflows. 

Within this context, the thesis aims to apply spectroscopic techniques at both the molecular and 

mesoscale levels, focusing on EVs. Indeed, by generating detailed and reproducible 

biochemical fingerprints, it could serve as biomarkers for diagnostic applications and for 

monitoring therapeutic or rehabilitative treatments. 

Vibrational spectroscopic techniques, including Raman Spectroscopy, Surface-Enhanced 

Raman Spectroscopy, and Fourier-Transform Infrared Spectroscopy, and Nuclear Magnetic 

Resonance, offer unique analytical features such as label-free approaches, non-destructive 

analysis, and require minimal sample manipulation. 
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Moreover, the ability of vibrational spectroscopies to analyze large numbers of samples 

simultaneously helps reduce costs, facilitating the translation of these methods into clinical 

diagnostics for multiscale analysis. 

Exploiting these advantages, this work focused on a variety of biofluids: saliva, to investigate 

respiratory diseases such as Chronic Obstructive Pulmonary Disease, Asthma, Obstructive 

Sleep Apnea Syndrome, and COVID-19, and plasma or serum, for the study of Intensive Care 

Unit-Acquired Weakness, Chronic Myeloid Leukemia, and Parkinson’s disease, with the aim 

of evaluating the clinical potential of both whole biofluids and their EV fractions in the 

diagnosis and monitoring of complex progressive disorders. This multiscale strategy led to the 

identification of signatures associated with specific pathological conditions. It demonstrated the 

ability of whole biofluids and their EV fractions to capture complex biological processes and 

alterations induced by the therapy. 

In summary, this thesis addresses unmet clinical needs by using spectroscopic techniques that 

support earlier diagnosis and enable clinicians to monitor therapeutic response more effectively, 

thereby guiding treatment decisions and improving patient management. Moreover, the 

proposed approach offers new perspectives for using whole biofluids and their EV fractions as 

reliable biomarkers across different diseases, reinforcing their potential role in personalized and 

precision medicine. 

8 



 
 

 

  

   

  

    

  

 

 

 

 

   

 

    

  

   

  

   

   

   

  

       

  

  

  

 

  

     

 

   

 

DISCLOSURE STATEMENT AND PUBLICATIONS 

The results presented in this thesis have been obtained during my Ph.D. studies (December 

2022 – November 2025) at the University of Brescia (Brescia, Italy), at Laboratory of 

Nanomedicine and Clinical Biophotonics, LABION (Milano, Italy) led by Dr. Marzia Bedoni, 

and at NMR Research Unit in University of Oulu, (Oulu, Finland) led by Prof. Ville-Veikko 

Telkki. Some of the experimental chapters, hereafter described, contain several unpublished 

data points. 

No intellectual property rights are granted by the delivery of this document or the disclosure of 

its content. The reproduction of this document or its circulation to any third party is prohibited 

without the author(s)’s consent. 

Publications 

During my Ph.D. studies, I contributed to several projects regarding Extracellular Vesicles 

(EVs) that led to the publication of the papers listed below: 

1. Biochemical Characterization of Human Salivary Extracellular Vesicles as a 

Valuable Source of Biomarkers. Valentina Mangolini, Alice Gualerzi, Silvia 

Picciolini, Francesca Rodà, Angela Del Prete, Luana Forleo, Rudy Alexander Rossetto, 

Marzia Bedoni. 31 January 2023. Biology. 

2. Raman Spectroscopy Characterization of Multi-Functionalized Liposomes as 

Drug-Delivery Systems for Neurological Disorders. Francesca Rodà, Silvia 

Picciolini, Valentina Mangolini, Alice Gualerzi, Pierfausto Seneci, Antonio Renda, 

Silvia Sesana, Francesca Re, Marzia Bedoni 11 February 2023. Nanomaterials. 

3. Multiplexing Biosensor for the Detection of Extracellular Vesicles as Biomarkers 

of Tissue Damage and Recovery after Ischemic Stroke. Silvia Picciolini, Valentina 

Mangolini, Francesca Rodà, Angelo Montesano, Francesca Arnaboldi, Piergiuseppe 

Liuzzi, Andrea Mannini, Marzia Bedoni, Alice Gualerzi27 April 2023. International 

Journal of Molecular Sciences. 

4. SPRi analysis of molecular interactions of mApoE-functionalized liposomes as 

drug delivery systems for brain diseases. Silvia Picciolini, Francesca Rodà, Alice 

Gualerzi, Valentina Mangolini, Luana Forleo, Aurora Mangolini, Silvia Sesana, 

Antonia Antoniou, Francesca Re, Pierfausto Seneci, Marzia Bedoni. 31 October 2023. 

Analyst. 

9 



 
 

  

 

 

   

 

   

   

    

  

    

 

    

  

     

    

    

  

 

 

 

  

  

   

 

   

    

 

 

  

 

     

  

     

5. Molecular Understanding of the Surface-Enhanced Raman Spectroscopy Salivary 

Fingerprint in People after Sars-COV-2 Infection and in Vaccinated Subjects. 

Francesca Rodà, Alice Gualerzi, Silvia Picciolini, Luana Forleo, Valentina Mangolini, 

Roberta Mancuso, Simone Agostini, Rudy Alexander Rossetto, Paola Pierucci, Paolo 

Innocente Banfi, Marzia Bedoni. 11 July 2024. Chemosensors. 

6. Extracellular vesicles of different cellular origin feature distinct biomolecular 

corona dynamics. Angelo Musicò, Andrea Zendrini, Santiago Gimenez Reyes, 

Valentina Mangolini, Lucia Paolini, Miriam Romano, Andrea Papait, Antonietta Rosa 

Silini, Paolo Di Gianvincenzo, Arabella Neva, Marina Cretich, Ornella Parolini, 

Camillo Almici, Sergio E Moya, Annalisa Radeghieri, Paolo Bergese. 7 November 

2024. Nanoscale Horizons. 

7. MicroRNA-142-3p shuttling in extracellular vesicles marks regulatory T cell 

dysfunction in multiple sclerosis. Giusy De Rosa, Claudia Russo, Silvia Garavelli, 

Dario Di Silvestre, Ilaria Spatocco, Giorgia Mele, Claudia La Rocca, Alessandra 

Colamatteo, Fortunata Carbone, Clorinda Fusco, Fabiana Passaro, Donatella Carpi, 

Elena Tagliabue, Francesco Prattichizzo, Francesca Brambilla, Pierluigi Mauri, Mirjam 

Hoxha, Valentina Bollati, Ilaria Giusti, Vincenza Dolo, Paola D’Antona, Paola 

Campomenosi, Valentina Mangolini, Annalisa Radeghieri, Paolo Bergese, Ivana 

Morabito, Alessandra Mandelli, Annamaria Finardi, Francesca Beretta, Edoardo 

Dalmato Schilke, Guido Cavaletti, Ettore Dolcetti, Fabio Buttari, Gianmarco 

Abbadessa, Simona Bonavita, Giacomo Lus, Elisabetta Signoriello, Roberta Lanzillo, 

Vincenzo Brescia Morra, Maria Mottola, Bruno Zuccarelli, Antonio Uccelli, Marco 

Salvetti, Diego Centonze, Roberto Furlan, Giuseppe Matarese, Claudio Procaccini, 

Paola de Candia. 28 May 2025. Science Translational Medicine. 

8. Circulating particles carotenoids are associated with rehabilitation recovery in 

Parkinson’s disease. Alice Gualerzi, Martina Gerli, Aurora Mangolini, Silvia 

Picciolini, Francesca Rodà, Valentina Mangolini, Stefano Doronzio, Diego Longo, 

Giulio Cherubini, Cristina Polito, Chiara De Santis, Silvia Ramat, Francesca Cecchi, 

Gemma Lombardi, Marzia Bedoni. 22 August 2025. Redox Biology. 

9. Assessment of chronic Myeloid Leukaemia in vitro models variability: insights into 

extracellular vesicles. Silvia Mutti, Alessia Cavalleri, Stefania Federici, Valentina 

Mangolini, Lucia Paolini, Cristian Bonvicini, Rosalba Monica Ferraro, Elena Laura 

Mazzoldi, Luca Garuffo, Besjana Xhahysa, Alessandro Leoni, Federica Trenta, 

Federica Re, Silvia Clara Giliani, Daniele Avenoso, Mirko Farina, Michele Malagola, 

10 



 
 

    

 

 

 

 

 

 

 

 

 

   

   

  

Domenico Russo, Simona Bernardi. 22 October 2025. Journal of Cellular and 

Molecular Medicine. 

10. Tracking Leukemic Residuals: Dissecting the Inverse Relationship Between 

CD26⁺ Stem Cells and Extracellular BCR::ABL1 in CML. Silvia Mutti, Alessia 

Cavalleri, Anna Sicuranza, Paola Pacelli, Claudia Ielo, Lucia Paolini, Valentina 

Mangolini, Teresa Miracapillo, Camilla Turriziani, Elisabetta Abruzzese, Mirko 

Farina, Annalisa Radeghieri, Michele Malagola, Massimo Breccia, Monica Bocchia, 

Domenico Russo, and Simona Bernardi. 24 November 2025. STEM CELLS 

Translational Medicine. 

11. Red Blood Cell-derived Extracellular Vesicles as biomaterials: the opportunity of 

freezing-induced accelerated aging. Paolini, Lucia; Romano, Miriam; Mangolini, 

Valentina; Tassoni, Selene; Jiang, Shuhan; Mazzoldi, Elena; Musicò, Angelo; 

Zendrini, Andrea; Kashkanova, Anna; Sandoghdar, Vahid; Berardi, Anna; Giliani, 

Silvia; Bergese, Paolo; Radeghieri, Annalisa. 25 November 2025. Biomaterials 

Science. 

12. Shared protocol to enrich and compare Extracellular Vesicles from human plasma 

and skeletal muscle biopsy. Valentina Mangolini, Annalisa Radeghieri, Simone Piva, 

Stefano Cattaneo, Marco Brucale, Francesco Valle, Arianna Balestri, Costanza Montis, 

Nicola Latronico, Paolo Bergese, Lucia Paolini. 2025. Under peer review. 

11 



 
 

 

   

 

     

    

      

  

 

   

 

  

  

   

    

   

 

 

  

 

 

    

 

 

  

  

 

   

 

 

CHAPTER 1 – FROM MOLECULAR TO MESOSCALE 

DIMENSION: LIQUID BIOPSY AS A TOOL FOR CLINICAL 

DIAGNOSTICS AND FOLLOW-UP 

Biofluids are increasingly recognized for their potential in reflecting physiological and 

pathological processes. Furthermore, the ability to collect these samples using minimally 

invasive methods, particularly blood, saliva, and urine, enhances their utility in clinical settings. 

This practical aspect facilitates longitudinal monitoring of diseases, thereby enabling a 

comprehensive assessment of disease trajectories and responses to therapies [1,2] . In this context, 

liquid biopsies serve as promising diagnostic tools that can provide real-time insights into a 

patient's health status[3,4] . 

One notable aspect of biofluids is the presence of mesoscale components, such as Extracellular 

Vesicles (EVs), which have attracted significant attention for their roles in intercellular 

communication and their biomarker potential. EVs transport molecules both inside and on their 

surface, forming as a biomolecular corona[5] , different types of molecules that mirror the 

molecular signatures of their cells of origin[6], making them a promising focus of investigation 

within nanomedicine. Unfortunately, methodologies for EV analysis often lack 

standardization, underscoring the need for robust, reproducible workflows [7–9]. 

This thesis investigates molecular and mesoscale spectroscopic signatures of biofluids and their 

EV fractions, highlighting spectroscopic techniques as promising tools to overcome the 

limitations of conventional analytical methods. The principles and diagnostic potential of these 

techniques will be discussed in detail in Chapter 2. 

This chapter introduces the clinical potential of biofluids and their EV fractions, reviewing their 

current applications and state of the art, and outlining the analytical and methodological barriers 

that still need to be addressed. 

1.1 Liquid Biopsy 

Human biofluids constitute an accessible and versatile source of information reflecting 

physiological and pathological states. Their collection is achievable through non-invasive 

procedures, such as liquid biopsy, avoiding the risks and limitations associated with tissue 

biopsies[10]. This makes biofluids a strategic resource for identifying disease-specific 

signatures, tracking disease progression, and evaluating the effects of therapeutic and 

rehabilitation responses[11]. 
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A variety of biofluids can be exploited for diagnostic purposes, including blood, plasma, serum, 

urine, saliva, cerebrospinal fluid (CSF), tears, and other compartment-specific fluids. Each 

matrix presents distinct compositional features, stability profiles, and sampling accessibility, 

which ultimately influence their suitability for specific analytical applications. 

Figure 1.1 Different types of biofluids used in a clinical setting. Created with Biorender.com 

Thanks to the introduction of liquid biopsy, the clinical relevance of biofluid analysis has 

increased considerably within the framework of personalized medicine [12–14]. Although liquid 

biopsy applications extend across multiple disease domains, oncology has been at the front line 

of translating these methodologies into clinical practice[15–17] . Unlike tissue biopsies, which 

provide information limited to a specific site and time, a liquid biopsy carries signals from 

multiple locations in the body. Furthermore, compared to conventional tissue biopsies, liquid 

biopsies offer a non-invasive, faster, safer, and more feasible alternative[18]. 
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Figure 1.2 Schematic overview of the differences between liquid biopsy and tissue biopsy, 

emphasizing the advantages and disadvantages. Created with Biorender.com 

Traditionally, liquid biopsy has focused on the analysis of soluble or cellular components such 

as Circulating Tumor Cells (CTCs), cell-free DNA (cfDNA), and circulating RNA (cRNA), 

which provide valuable molecular information across a broad spectrum of pathological 

conditions[19]. 

• CTCs → These are viable cancer cells shed from a primary tumor into the bloodstream 

and provide insights into tumor biology, metastasis, treatment response, and disease 

progression[20] [21]. 

• cfDNA → Comprised mainly of fragments released from apoptotic and necrotic cells 

and carries tumor-related genetic alterations, making it particularly relevant for early 

cancer detection, treatment personalization, and monitoring minimal residual 

disease[22] . 

• cRNA → Primarily consists of messenger RNA (mRNA), microRNA (miRNA), and 

long non-coding RNA (lncRNA). These RNA molecules can be released into circulation 

from tumor cells and other tissue types as biomarkers for diagnosis, prognosis, and 

treatment monitoring[23] . 
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1.1.1 Clinical Applications and Future Perspectives of Liquid Biopsy 

Liquid biopsy has demonstrated remarkable potential in disease management, particularly in 

oncology, and is increasingly being explored in non-neoplastic conditions as well. In this 

context, real-time monitoring of cfDNA has demonstrated significant value for early relapse 

detection compared with conventional imaging techniques. The ability of cfDNA to anticipate 

disease recurrence provides critical opportunities for timely therapeutic interventions. Ji et al. 

demonstrated that plasma cfDNA analysis in non-Hodgkin lymphoma patients enables the 

prediction of relapse 1 to 6 months earlier than conventional methods[24]. Similarly, Bernard et 

al. reported that cfDNA detection in pancreatic cancer patients occurred on average 3.1 months 

after tumor resection, compared to 9.6 months using computed tomography, highlighting the 

potential of cfDNA for earlier clinical intervention[25] . 

Additional evidence supports the clinical relevance of cfDNA across different oncological 

contexts. In pediatric medulloblastoma, whole-genome methylation sequencing of cfDNA from 

CSF enabled reliable tumor detection[26], while in HER2-positive breast cancer with brain 

metastases, combined cfDNA analysis in plasma and CSF provided a more comprehensive 

molecular profile of the disease[27]. 

Beyond oncology, liquid biopsy is gaining traction for diagnosing various diseases. Indeed, a 

marker of endothelial dysfunction called endocan has recently been investigated in plasma as a 

predictor of cardiovascular risk in patients with End-Stage Renal Disease (ESRD) undergoing 

hemodialysis. In a large cohort of subjects, plasma endocan levels were evaluated in relation to 

clinical parameters and cardiovascular outcomes. Patients with elevated plasma endocan 

showed a significantly higher incidence of cardiovascular events compared with those with 

lower levels, suggesting that plasma endocan may represent a promising biomarker for 

cardiovascular risk stratification in ESRD patients undergoing hemodialysis[28]. 

An additional study utilizes urine to investigate neonatal sepsis, a leading cause of mortality, 

through a metabolomics approach. By profiling 25 neonates, including septic and healthy 

controls, distinct metabolic signatures were identified, revealing alterations in glucose, lactate, 

ketone bodies, and Krebs cycle intermediates. These findings highlight the potential of liquid 

biopsies as early, non-invasive biomarkers, enabling timely diagnosis and targeted therapeutic 

interventions[29] . 

Comprehensive proteomic profiling has further emphasized the potential of biofluids as 

reservoirs of clinically relevant biomarkers. A large-scale comparison of plasma, urine, CSF, 

saliva, and amniotic fluid using high-resolution mass spectrometry identified nearly 4700 
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nonredundant proteins, of which more than 3400 were quantitatively assessed. While over 500 

proteins were shared across all biofluids, more than one-third of the proteins were unique to a 

single fluid, reflecting tissue-specific contributions. Interestingly, functional analysis revealed 

that beyond local signatures, biofluids collectively capture systemic physiological processes. 

These findings reinforce the value of liquid biopsies not only for disease-specific biomarker 

discovery but also for capturing integrative information on whole body functional states[30]. 

Despite these promising applications, liquid biopsy still faces significant challenges, including 

limited analytical sensitivity for low-abundance targets, technical variability, and the need for 

standardized pre-analytical procedures to ensure reproducibility across clinical settings[11]. 

Looking to the future, he integration of advanced analytical and spectroscopic techniques 

(discussed in Chapter 2), together with machine learning and AI-driven data analysis, is 

expected to enhance patient stratification, early relapse detection, and personalized therapy. 

Ongoing efforts toward cost reduction, automation, and point-of-care platforms are likely to 

further support clinical translation[31] . 

Taken together, liquid biopsy represents a versatile, minimally invasive platform with broad 

implications for precision medicine, with applications extending across multiple diseases and 

strong potential to improve patient management. 

1.2 Biofluids Complexity and Their Mesoscale Dimension 

Biofluids are dynamic, complex systems composed of heterogeneous mixtures. Beyond their 

soluble fraction, biofluids contain a variety of particulate components, including cells, cell 

debris, and nanosized particles that span from lipid-enclosed vesicles to non-membranous 

nanoparticles. These mesoscale structures, typically ranging from a few nanometers to several 

[32] micrometers, constitute the so-called nanostructured secretome , which carries an immense 

amount of biochemical and biophysical information reflecting the physiological or pathological 

state of the organism. 
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Figure 1.3 A schematic image for the representation of the complexity of biofluids. 

Among the most studied components of this secretome are EVs, lipid bilayer–enclosed vesicles 

released by all cell types under physiological and pathological conditions[33] . EVs are 

traditionally categorized based on their biogenesis and size into exosomes (30–150 nm), 

ectosomes or microvesicles (150–1000 nm), and apoptotic vesicles (100 nm to several 

micrometers)[34] . These vesicles transport a complex cargo of proteins, lipids, and nucleic acids, 

including messenger RNA (mRNA) and microRNA (miRNA), that can influence the phenotype 

and function of recipient cells[6] . Their presence in all major biological fluids, including 

plasma[35], urine[36], saliva[37], cerebrospinal fluid[38], and breast milk[39], highlights their role in 

systemic signaling and their potential as diagnostic and therapeutic tools. Major information on 

EVs is explained in chapters 1.2.1 and 1.2.2. 

In recent years, however, it has become evident that EVs represent only a portion of the 

extracellular nanoscale landscape. Non-vesicular extracellular particles (NVEPs), which lack a 

surrounding lipid bilayer, are also abundant in biofluids[40] . These include particles such as 

lipoproteins[41], nucleosomes[42], and vaults[43], as well as recently identified nanoparticle 
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[44,45] species such as exomeres and supermeres . Lipoproteins (ranging from 5–1200 nm) are 

among the most abundant NVEPs in circulation and act as major carriers of lipids and small 

RNAs[46]. Nucleosomes, consisting of DNA wrapped around histone proteins, represent 

extracellular remnants of nuclear material and can be found either free or associated with 

vesicular fractions[47] . Vaults, large ribonucleoprotein particles (~70 nm), contain major vault 

protein (MVP) and small vault RNAs and are thought to be released through secretory 

amphisomes (hybrid vesicular arising from the fusion of multivesicular endosomes and 

autophagosomes) or cell death[48,49] . Other specialized NVEPs include supramolecular attack 

particles (SMAPs), secreted by cytotoxic T lymphocytes, which mediate targeted cell killing, 

and viral particles, which may exist independently or within EVs, further challenging the 

distinction between vesicular and non-vesicular entities[50,51]. 

The discovery of exomeres (28–50 nm) and supermeres (15–25 nm) has further expanded the 

known complexity of extracellular nanoparticles. Both are amembranous particles enriched in 

metabolic enzymes, proteins, and RNA species, many of which were previously attributed to 

exosomes. Their exact biogenesis remains unknown, yet they are consistently detected in 

multiple biofluids, including plasma, suggesting conserved and biologically relevant secretion 

mechanisms[34,44]. Importantly, these NVEPs have been shown to participate in intercellular 

communication and to carry disease-related biomolecules, making them emerging targets for 

biomarker discovery and therapeutic applications[45]. 

Together, these findings illustrate that biofluids are highly organized systems encompassing a 

wide spectrum of mesoscale entities, whose heterogeneity is essential for translational 

applications such as liquid biopsy and disease monitoring. 
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Figure 1.4 The image illustrates the wide dimensional range and heterogeneity of extracellular 

components released by mammalian cells. They release a heterogeneous population of 

extracellular structures that span a broad size range, from nanoscale particles of 

approximately 5 nm to larger vesicular bodies exceeding 5 μm. These secreted entities include 

both EVs and non-vesicular NVEPs, whose overlapping size distributions pose significant 

challenges for their complete separation and characterization[34]. 

1.2.1 Extracellular Vesicles: Classification and Biogenesis 

As mentioned earlier, EVs are the most-studied component of the nanostructured secretome. 

They are natural nanoparticles with a lipid bilayer released by all cell types without the capacity 

to replicate, as clarified in the MISEV2023 guidelines[52]. Because of their presence in all 

biological fluids, their analysis can be performed using liquid biopsy techniques. EVs typically 

range between 30 and 1000 nm and encapsulate a wide repertoire of proteins, lipids, 

metabolites, and nucleic acids[6] . By protecting these biomolecules from degradation and 

delivering them to recipient cells, EVs act as efficient mediators of bioactive signals. Initially 

regarded as cellular waste products, primarily involved in the disposal of unwanted or excess 

cellular components, EVs are now recognised as active mediators of intercellular 

communication[53] . 
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EVs are heterogeneous in size and composition, and their molecular cargo largely reflects the 

metabolic state, circadian rhythms, and cell type of origin. Despite this diversity, they are 

enriched in specific markers like tetraspanins (CD63, CD81, CD9) but also Alix, Flotillin, and 

TSG101 which are often used to validate their presence[52]. 

Figure 1.5 Molecular components associated with the surface of EVs. The image illustrates the 

diverse molecular components associated with the EV surface, reflecting their complex 

biological origin and multifunctionality. Extracellular vesicles display a heterogeneous 

molecular architecture composed of both integral membrane components and peripheral 

molecules. Integral membrane proteins include receptors such as G protein–coupled receptors, 

cytokine and lipoprotein receptors, integrins, GPI-anchored proteins, and members of the 

immunoglobulin superfamily, together with glycoproteins, transporters, enzymes, major 

histocompatibility complex (MHC) molecules, and various CD antigens. In addition, numerous 

peripheral molecules contribute to the overall surface composition by binding to these integral 

proteins or by interacting directly with the lipid bilayer. These include cytokines, extracellular 

matrix components, plasminogen, lipoproteins, and immunoglobulins. Other molecules 

reported to associate with the EV membrane comprise enzymes, nucleic acids (DNA and RNA), 

DNA/RNA-binding proteins, annexins, albumin, and components of the coagulation cascade[6]. 

Traditionally, EVs have been divided into exosomes and microvesicles based on their 

biogenetic pathways. Because of the overlap in size and shared biomarkers between exosomes 

and microvesicles, a more recent classification categorizes exosome as small-EVs (sEVs), 

ranging from 30 to 200 nm, and large EVs (lEVs), ranging from 200 to 1000 nm[52] . 
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sEVs are produced through the endocytic pathway. Their formation begins with invagination 

of the plasma membrane, which generates intraluminal vesicles (ILVs) within multivesicular 

bodies (MVBs). During this process, both soluble proteins and membrane-associated molecules 

are incorporated into the vesicles. Cargo selection occurs during MVB formation, but the exact 

molecular mechanisms regulating it remain only partially elucidated[33] . To date, two alternative 

routes have been described: one dependent on the endosomal sorting complex required for 

transport (ESCRT) pathway[54] and one that is ESCRT-independent[55]. Proteins associated with 

the ESCRT pathway, including Alix and TSG101, have been identified as key regulators of 

MVB biogenesis[56,57]. 

MVBs can subsequently fuse with lysosomes for degradation or merge with the plasma 

membrane to release sEVs into the extracellular space. 

In contrast, lEVs originate directly from the plasma membrane through an outward budding 

process, which is driven by cytoskeletal rearrangements and changes in lipid composition at the 

budding site. This membrane protrusion progressively expands releasing the lEVs into the 

extracellular space[33]. 

Although the molecular determinants of EV cargo selection are still only partially understood, 

emerging evidence indicates that certain EV subpopulations can selectively incorporate 

mitochondrial components. In this context, small-EVs enriched in mitochondrial-derived cargo, 

called mitoEVs, and larger mitochondrial-derived EVs (mdEVs) have been described, 

suggesting that mitochondrial content is not randomly packaged but rather reflects specialized 

pathways of EVs biogenesis and function[58,59]. 
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Figure 1.6 Mechanisms of EVs release. sEVs, originate within MVBs, are secreted following 

their fusion with the plasma membrane. In contrast, lEVs arise through outward budding and 

subsequent shedding from the plasma membrane[60] . 

1.2.2 The Power of Extracellular Vesicles as New Frontiers for Liquid Biopsy Tool 

EVs have emerged as promising diagnostic tools due to their molecular cargo, which reflects 

the physiological or pathological state of the parental cell and supports minimally invasive 

strategies such as liquid biopsy[61] . Their lipid bilayer protects proteins, lipids, and nucleic acids 

from enzymatic degradation, ensuring molecular stability and detectability even in complex 

biological matrices[62] . 

Beyond their intrinsic cargo, EVs acquire an additional layer of biological information through 

the adsorption of proteins, lipids, and other biomolecules from the surrounding biofluids, 

forming what is known as the biomolecular corona (BC). BC dynamically reflects the molecular 

environment in which EVs circulate and can strongly influence their biological identity, uptake, 

and functional effects. Importantly, the composition of the BC differs depending on the 

physiological or pathological state of the host, meaning that it may provide an additional source 

of diagnostic information beyond the EV content itself. In this context, characterizing the EV 

BC not only helps to better understand EVs–cell interactions but also opens new opportunities 

for the identification of highly specific disease-associated biomarkers, thereby enhancing the 

diagnostic power of EV-based liquid biopsy approaches[5]. 

This dual source of information supports the use of EVs across different clinical settings. 

Indeed, in oncology tumor-derived EVs have been extensively studied for their role in tumor 
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initiation and progression, as they transport oncogenic proteins and nucleic acids that influence 

angiogenesis[63] , and prepare pre-metastatic niches at distant organs[64] . By transporting 

signaling molecules, they facilitate tumor cell proliferation, invasion, and resistance to 

apoptosis, while also modulating immune responses to evade recognition[65]. These 

multifaceted roles have generated strong interest in their potential use as diagnostic and 

prognostic biomarkers, as well as indicators of therapeutic response. 

Beyond cancer, EVs have been implicated in neurodegenerative disorders such as Alzheimer’s 

and Parkinson’s disease, where they transport pathological proteins including amyloid-β and α-

synuclein, contributing to disease progression and enabling early diagnostic strategies[66]. 

Notably, single-EV profiling studies have demonstrated that EV surface protein signatures in 

biofluids, particularly urine, can achieve high diagnostic accuracy in distinguishing 

Alzheimer’s disease patients from healthy controls, highlighting the potential of EVs as non-

invasive biomarkers for neurodegeneration[67]. 

Large-scale studies have further demonstrated that plasma-derived EVs can reveal underlying 

proteinopathies in neurodegenerative disorders such as ALS and FTD. By quantifying EV-

associated biomarkers, including TDP-43 and tau isoform ratios, researchers have been able to 

stratify patients according to distinct molecular pathologies. In particular, high EV TDP-43 

levels distinguished ALS cases from other neurodegenerative conditions, while alterations in 

the tau isoform ratio allowed discrimination between FTD subtypes and progressive 

supranuclear palsy, supporting the use of EVs as minimally invasive tools for patient 

classification and precision medicine[68]. 

In the cardiovascular field, EVs are increasingly recognized as active modulators of vascular 

homeostasis and disease. Recent studies have demonstrated that EVs released by M2 

macrophages exert protective effects in abdominal aortic aneurysm by attenuating 

inflammation, preserving vascular smooth muscle cell integrity, and regulating macrophage 

polarization. These findings highlight EVs not only as biomarkers of vascular pathology but 

also as promising therapeutic vehicles in cardiovascular disease[69]. 

Furthermore, EVs derived from adipose tissue have recently been implicated in obesity-related 

metabolic dysfunctions, acting as carriers of bioactive proteins linked to inflammation and 

insulin resistance. Proteomic profiling has revealed distinct cargo signatures between visceral 

and subcutaneous adipose tissue EVs, with visceral-derived EVs particularly enriched in 

adipokines and molecules associated with type 2 diabetes and obesity. These results underscore 

the usefulness of adipose tissue EVs as circulating biomarkers for monitoring metabolic status 

and obesity-associated comorbidities[70]. 
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In addition to molecular cargo, EV physical properties such as size, concentration, and 

mechanical stiffness are emerging as valuable diagnostic parameters, supported by advances in 

high-throughput analytical platforms[71]. 

Despite this promise, the translation of EVs into routine clinical diagnostics is still a challenge. 

Overcoming these limitations is essential to fully harness EVs as robust, reproducible, and 

clinically actionable biomarkers[9]. 

1.2.3 Limitations Hindering the Clinical Translation of Extracellular Vesicles for 

Diagnostic Applications 

As previously discussed, EVs are nanoscale particles ranging from approximately 30 to 1000 

nm, placing them within the field of nanomedicine, the branch of medicine that exploits 

nanoscale systems for diagnostic and therapeutic innovation. 

EV dimensions pose significant obstacles for their reliable detection and characterization. 

Indeed, conventional analytical tools are often unable to resolve particles within the full EV 

size range or to distinguish them from non-vesicular nanoparticles such as lipoproteins, protein 

aggregates, or viral particles. For example, Nanoparticle Tracking Analysis (NTA) is a widely 

used method that measures both the size distribution and concentration of EVs in suspension. 

By tracking particles through light scattering and Brownian motion, and with the option of 

fluorescence detection, it enables detailed and versatile EV characterization[72]. However, when 

operated in scatter mode, NTA detects all nanoparticles present in the sample, including co-

isolated contaminants, which leads to an overestimation of EV counts and compromises 

measurement accuracy. Comparative studies have shown that in scatter mode NTA reports 

higher particle numbers than flow cytometry, while fluorescence-based NTA yields results 

more consistent with those obtained by flow cytometry. These findings indicate that both NTA 

and flow cytometry represent valuable tools for EV analysis, yet their limited sensitivity and 

resolution remain critical factors that can compromise reproducibility and standardization 

across laboratories[73]. 

Furthermore, obtaining pure EV preparations remains a critical bottleneck as no single method 

provides an optimal balance between yield, purity, and scalability. Classical approaches such 

as ultracentrifugation risk co-isolating protein or lipoprotein contaminants[74] , while affinity-

based techniques offer high specificity at the expense of throughput and cost[75]. 

Chromatographic and filtration methods preserve EV integrity but often dilute samples or 

require complex instrumentation[76,77]. 
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Many of the current EV isolation and characterization techniques require specialized equipment 

and expertise, making them expensive and impractical for large-scale clinical implementation. 

For instance, ultracentrifugation at high g-forces or nanoscale flow cytometry are not routinely 

accessible in hospital settings. Developing affordable and scalable platforms is therefore crucial 

to facilitate the integration of EVs into diagnostic and therapeutic settings[72] . 

While guidelines such as MISEV[52] provide recommendations, variability across laboratories 

still results in low reproducibility and makes cross-study comparisons difficult. Furthermore, 

rapid and robust quality control assays to assess EV preparations before in vitro or in vivo 

applications are not yet available, limiting translational progress[9]. 

In addition to analytical challenges, the storage of EVs represents another critical issue for their 

clinical translation. EV integrity and functional properties are highly sensitive to storage 

conditions, which can profoundly affect particle stability, and cargo preservation. Recent 

investigations have demonstrated that long-term preservation of EVs requires freezing at –80 

°C, whereas short-term storage up to one week is feasible at 4 °C without substantial loss of 

EVs integrity or function. Nevertheless, repeated freeze–thaw cycles and variations in storage 

protocols across laboratories remain major sources of variability, highlighting the urgent need 

for standardized handling procedures[78]. 

In summary, the clinical translation of EVs remains hindered by their nanoscale dimensions, 

the difficulty of obtaining pure preparations, the high cost of current analytical platforms, and 

the lack of standardized protocols for isolation, characterization, and storage. These limitations 

explained why EVs, despite their promise as biomarkers and therapeutic vectors, are not yet 

fully integrated into clinical practice. 

To address these challenges, innovative analytical strategies are needed. In the chapter 2, we 

will explore spectroscopic approaches, which are emerging as powerful, label-free, and 

reproducible methods for EV analysis, with the potential to facilitate their application in 

diagnostics and therapeutics. 
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CHAPTER 2 – SPECTROSCOPIC STRATEGIES FOR 

BIOFLUIDS AND THEIR EXTRACELLULAR VESICLES TO 

ADVANCE IN CLINICAL TRANSLATION 

In current clinical practice, the analysis of biofluids typically relies on the detection of single 

biomarkers, often neglecting the complex molecular interplay that characterizes these 

biological matrices[1]. However, as previously discussed, biofluids represent a highly 

heterogeneous system [2], therefore, a comprehensive analytical approach able to capture the 

global molecular landscape of biofluids is essential to better reflect the physiological and 

pathological states of the organism. 

In this context, spectroscopic techniques have emerged as powerful tools for the analysis of 

biofluids and their EV fractions[3]. In general, spectroscopies exploit the interaction between 

light and matter to generate unique molecular fingerprints that encode the biochemical 

composition of complex samples in a rapid, label-free, and non-destructive manner. These 

techniques can be directly applied to unprocessed biofluids, such as plasma, serum, urine, or 

saliva, minimizing sample handling and preserving the native molecular architecture[4]. 

Importantly, spectroscopic approaches can also be specifically employed to analyze EVs[5] . 

Compared with whole-biofluid analysis, EV-targeted spectroscopy provides higher molecular 

specificity and may yield insights into the underlying biological pathways of disease 

progression. 

Furthermore, the use of spectroscopic methods offers several practical advantages that address 

key barriers to the clinical translation of EV-based diagnostics. These include high sensitivity 

and resolution, minimal sample requirements, and the absence of labeling procedures[3]. By 

combining these capabilities with advanced computational analysis, spectroscopy paves the 

way for the development of robust, reproducible, and clinically applicable diagnostic platforms 

that bridge the gap between research and clinical applications. 

2.1 Vibrational Spectroscopy for Clinical Applications 

Vibrational spectroscopies are powerful analytical techniques that probe the intrinsic molecular 

vibrations of a sample, providing detailed information on its chemical composition and 

structure[3] . Among these, infrared (IR) and Raman Spectroscopy (RS) are the most widely 

used, enabling label-free, non-destructive, and rapid analysis of complex biological samples[6]. 

By generating characteristic molecular fingerprints, vibrational spectroscopies allow the 

simultaneous detection of multiple biomolecules, including proteins, lipids, nucleic acids, and 
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metabolites. This capacity makes them particularly suitable for the comprehensive analysis of 

biofluids[7] and their EV fractions[8,9] , offering insights into disease-related biochemical 

alterations while minimizing sample preparation and preserving native molecular information. 

2.1.1 Raman Spectroscopy 

Raman spectroscopy (RS) is a vibrational spectroscopic technique based on the inelastic 

scattering of light, first described by C.V. Raman in 1928[10] . 

A typical Raman spectrometer consists of four key elements: a laser source, a sample 

compartment, a spectrograph, and a detector. The laser provides a narrow, monochromatic 

beam that excites molecular vibrations, generating scattered photons with shifted energies. 

Excitation wavelengths commonly span from the ultraviolet to the near-infrared region; widely 

employed options include argon-ionic (488–514 nm), helium-neon (632 nm), diode lasers (780– 

940 nm), and Nd:YAG sources (532 and 1064 nm). 

Figure 2.1 Representative laser types across the optical spectrum[11] . 

The sample holder ensures stability and minimizes environmental perturbations during 

acquisition. Scattered light is then dispersed by the spectrometer according to its energy shifts, 

and the resulting spectrum is recorded by sensitive detectors, such as charge-coupled devices 

(CCDs), enabling detailed molecular fingerprinting[12]. 
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Figure 2.2 Schematic of a standard Raman spectroscopy system[13]. 

When monochromatic light interacts with a sample, most photons undergo elastic scattering 

(Rayleigh scattering), in which their energy and wavelength remain unchanged. However, a 

small fraction is scattered inelastically, resulting in a shift in photon energy that reflects the 

vibrational states of the molecules. This phenomenon, known as the Raman effect, provides 

molecular information that enables the identification of chemical bonds. The vibrational energy 

levels follow the quantum relation: 

1 
𝐸𝑣 = ℎ𝜈 (𝑛 + )

2 

where 𝑣 is the vibrational frequency, ℎ is Planck’s constant, and 𝑛 is the vibrational quantum 

number[14] . 
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Figure 2.3 Illustration of scattering processes when a molecule interacts with monochromatic 

light. Rayleigh scattering occurs without change in vibrational energy, whereas Stokes Raman 

scattering involves energy transfer from the photon to the molecule (lower scattered frequency), 

and anti-Stokes Raman scattering reflects energy transfer from the molecule to the photon 

(higher scattered frequency). Raman scattering differs from infrared absorption in that the 

scattered photon does not correspond directly to the energy difference between initial and final 
[12]states . 

From a physical point of view, Raman scattering arises due to the modulation of a molecule’s 

polarizability during vibration. When the oscillating electric field of the incident light interacts 

with the electron cloud, it induces a temporary dipole. If the vibration of the molecule alters the 

polarizability, the scattered light exhibits an energy shift corresponding to the vibrational mode. 

The energy difference between the incident and scattered photons is directly related to the 

vibrational frequency of the molecular bond and is conventionally expressed in wavenumbers 

(cm⁻¹)[15]. 

The resulting Raman spectrum is typically represented as a plot of intensity versus Raman shift. 

Each peak corresponds to a specific vibrational mode, providing characteristic molecular 

information. 

Importantly, RS is label-free and non-destructive, enabling real-time characterization of 

samples without the need for additional reagents or extensive preparation[16] . 

In the biomedical context, RS has gained considerable attention due to its ability to provide 

detailed biochemical information from complex matrices such as tissues[17] , cells[18] , and 

biofluids[19,20]. Unlike conventional biochemical assays, Raman spectra capture molecular 

signatures that reflect proteins, lipids, nucleic acids, and metabolites simultaneously. This 
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intrinsic multiplexing capacity makes the technique particularly valuable in precision medicine, 

where subtle molecular differences can indicate early disease onset, progression, or therapeutic 

[21,22]response . 

Indeed, the so-called fingerprint region (600-1800 cm⁻¹) contains most of the characteristic 

peaks associated with proteins, nucleic acids, lipids, and carbohydrates, thereby enabling a 

comprehensive assessment of cellular and extracellular components. Within this range, the 

amide I band (~1650 cm⁻¹), dominated by C=O stretching, provides insights into protein 

secondary structures, while the amide III region (1200–1300 cm⁻¹) reflects contributions from 

C–N stretching and N–H bending. Peaks around 1000 cm⁻¹ are attributed to phenylalanine ring 

breathing, serving as robust protein markers, whereas phosphate vibrations (~1090 cm⁻¹) are 

indicative of nucleic acid backbones[23]. Lipid-associated bands are commonly found in the high 

wavenumber region (2850–2950 cm⁻¹), corresponding to CH₂ and CH₃ stretching modes, and 

can be used to evaluate membrane composition and metabolic alterations[24]. Taken together, 

these spectral windows provide a molecular fingerprint that can sensitively capture biochemical 

changes underlying both physiological and pathological processes. 

Despite its promise, spontaneous RS suffers from inherently weak signal intensity, as only 

about one in 10⁶–10⁸ photons undergo Raman scattering. This limitation has led to the 

development of signal-enhancement strategies, most notably Surface-Enhanced Raman 

Scattering (SERS), which exploits metallic nanostructures to amplify Raman signals by several 

orders of magnitude[25] . The principle underlying SERS is that when molecules are adsorbed 

onto or located near metallic nanostructures, typically composed of gold or silver, the local 

electromagnetic field generated by the excitation of surface plasmons drastically increases the 

Raman scattering efficiency. This enhancement can reach factors of 10⁶ to 10¹⁰, allowing the 

detection of molecules at very low concentrations. Due to its remarkable capability for detecting 

analytes at ultralow concentrations, SERS has emerged as a critical analytical tool in catalysis, 

biosensing, pharmaceutical monitoring, optoelectronic applications[26] , and in clinical fields[27] . 

Current understanding suggests that SERS performance is intimately linked to the interplay 

between Localized Surface Plasmon Resonance (LSPR) phenomena and charge transfer 

mechanisms intrinsic to the material. 

In detail, two main mechanisms contribute to this enhancement: 

1) Electromagnetic enhancement, which arises from the excitation of localized surface 

plasmons on the metal surface. When incident light resonates with the collective oscillation 

of conduction electrons, intense electromagnetic fields are generated in specific regions 
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known as “hot spots,” leading to a dramatic amplification of the Raman signal from nearby 

molecules[28] . 

2) Chemical enhancement, which involves direct electronic interactions between the 

adsorbed molecule and the metal surface. Although its contribution is typically smaller 

than that of the electromagnetic effect, it further modulates the Raman intensity and can 

provide additional selectivity[29,30]. 

Figure 2.4 Illustration of a laser interacting with a molecule to produce spontaneous Raman 

scattering, compared to a laser interacting with a molecule adsorbed on plasmonic 

nanoparticles to generate SERS. The figure shows the SERS spectrum of molecule on silver 

nanostructures and the spontaneous Raman spectrum of pure molecule. The localized electric 

field at the nanoparticle surface significantly amplifies the Raman signal in the SERS 
[31] measurement . 

This ability to combine molecular specificity with ultra-high sensitivity has positioned SERS 

as a promising approach in biomedicine, bridging the gap between fundamental vibrational 

spectroscopy and diagnostic applications. Nevertheless, when applied to complex biological 

samples, the overlapping signals of multiple chemical bonds can complicate spectral 

interpretation and potentially lead to misinterpretations. To address this challenge, chemometric 
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analyses are commonly employed to reliably extract meaningful information while preserving 

the advantages of SERS in clinical applications[12,27] . 

2.1.2 Fourier-Transform Infrared Spectroscopy 

Fourier Transform Infrared Spectroscopy (FTIR) is a vibrational spectroscopic technique that 

exploits the interaction between infrared radiation and molecular bonds to probe chemical 

composition and structural organization. When molecules absorb IR radiation, they undergo 

vibrational transitions corresponding to stretching, bending, or twisting of their chemical bonds. 

Each functional group absorbs at a characteristic frequency, generating a spectral fingerprint 

that reflects the overall biochemical composition of the sample[32]. 

Unlike Raman spectroscopy, which probes changes in molecular polarizability, FTIR is based 

on variations in dipole moment during vibrational transitions[33]. This complementary 

mechanism makes FTIR particularly sensitive to polar functional groups such as carbonyls, 

hydroxyls, and amides. The technique is able to detect a wide range of biomolecules including 

proteins, lipids, nucleic acids, and carbohydrates, thereby providing an integrated overview of 

the molecular landscape of cells, tissues, and biofluids[34]. 

The core principle of FTIR spectroscopy relies on the use of an interferometer, typically a 

Michelson interferometer, to modulate the IR beam before it interacts with the sample. The 

interferogram generated by the optical path differences is then mathematically converted into a 

spectrum through Fourier transformation. This design allows simultaneous acquisition of a 

broad spectral range with high signal-to-noise ratio and short acquisition times compared to 

dispersive IR spectroscopy[35]. 

The application of FTIR in biomedical research dates back to the 1970s, with its diagnostic 

potential in biological systems recognized about a decade later[36]. However, a major limitation 

of conventional FTIR lies in the strong absorbance of water, which restricts analysis of aqueous 

samples and reduces reproducibility due to path length variability. To address these challenges, 

Attenuated Total Reflectance (ATR)-FTIR was developed[37] . In this approach, infrared light 

undergoes internal reflection within a high-refractive-index crystal (commonly diamond, ZnSe, 

Ge, or Si) allowing efficient spectral acquisition with minimal sample preparation. This 
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configuration enhances reproducibility, reduces the impact of water absorption, and has greatly 

expanded the applicability of FTIR in biological and clinical contexts[32] . 

Figure 2.5 (A) Schematic of a double-mirror Michelson interferometer as employed in FTIR 

spectroscopy. (B) Illustration of the principle of internal reflection in infrared spectroscopy[32]. 

The biological relevance of FTIR spectra is largely concentrated in two spectral windows. The 

mid-infrared region (4000–400 cm⁻¹) encompasses most fundamental vibrations of 

biomolecules, with the so-called “fingerprint region” (1800–900 cm⁻¹) being especially 

informative for identifying proteins, nucleic acids, and carbohydrates. Within this range, the 

amide I (~1650 cm⁻¹) and amide II (~1550 cm⁻¹) bands provide structural information on 

protein secondary structures, while phosphate vibrations (~1080 cm⁻¹ and ~1230 cm⁻¹) are 

markers for nucleic acids. The high wavenumber region (3000–2800 cm⁻¹) is dominated by CH 

stretching vibrations, typically used to evaluate lipid content and membrane composition[38] . 

The strengths of FTIR lie in its label-free and non-destructive nature, rapid acquisition, and the 

potential to extract complex biochemical information. However, limitations include spectral 

overlap between different molecular groups, strong absorption of water in the mid-IR region, 

and the need for robust computational and chemometric methods to deconvolute the rich 

spectral data. 

Overall, FTIR spectroscopy provides a powerful and complementary tool to Raman-based 

methods for the characterization of biological materials. By offering a molecular fingerprint 

sensitive to both compositional and structural features, FTIR has become increasingly 
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attractive for biomedical and clinical applications, including liquid biopsy and EVs 

profiling[5,12] . 

2.1.3 Raman, SERS and FTIR Spectroscopy as Advanced Tools for Diagnostic Purposes 

and Follow-up 

RS and SERS have increased interest in the clinical field thanks to their ability to provide rapid, 

label-free, low-cost and highly specific molecular information from complex biological 

samples with no interference of water. In contrast to conventional biochemical assays that 

require extensive sample preparation or the use of external markers, these vibrational 

spectroscopies enable direct molecular fingerprinting of biofluids and their EV fractions using 

small quantities of samples[5,39] . This feature positions them as powerful candidates for liquid 

biopsy approaches, capable of complementing traditional diagnostic techniques. 

For instance, serum Raman spectra combined with machine learning have been shown to 

distinguish benign from malignant pulmonary nodules with high diagnostic accuracy, 

outperforming conventional clinical approaches while avoiding invasive procedures, thus 

highlighting the translational potential of RS in lung cancer screening[40]. 

Similar evidence has emerged in colorectal cancer (CRC). In a study analyzing dried plasma 

samples, RS revealed distinct spectral signatures linked to proteins, lipids, nucleic acids, and 

aromatic amino acids, enabling the discrimination of CRC patients from individuals with 

inflammatory or diverticular diseases. Notably, longitudinal sampling before and after surgical 

resection showed that spectral alterations normalized in the postoperative phase, directly 

linking the Raman fingerprint to tumor presence. These findings highlight the dual role of RS 

not only as a diagnostic tool but also as a means for monitoring disease progression and 

therapeutic efficacy[41]. 

In the context of respiratory and neurodegenerative disorders, recent pilot studies have 

highlighted the potential of salivary SERS spectra to provide disease-specific biochemical 

fingerprints. In both Chronic Obstructive Pulmonary Disease (COPD)[19] and Parkinson’s 

disease (PD)[42], SERS analysis revealed alterations in proteins, lipids, saccharides, and nucleic 

acids, consistent with the underlying metabolic and pathological processes. The adoption of 

multivariate statistical approaches, together with advanced machine and deep learning 

algorithms, enabled highly accurate discrimination between patients, healthy controls, and 

additional pathological groups. Beyond diagnostic capability, SERS-based saliva profiling 

demonstrated correlations with established clinical scales in PD and showed promise for patient 

stratification, therapy monitoring, and rehabilitation assessment in both conditions. These 
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studies collectively suggest that analysis of saliva by SERS could emerge as a minimally 

invasive, cost-effective tool for precision diagnostics and longitudinal monitoring across 

diverse clinical domains[19,42]. 

As anticipated, several studies have focused on using spectroscopy techniques not only on 

whole biofluid, but also on their EV fractions in order to perform a finer biochemical 

characterization. For instance, a study explored the use of SERS to profile EVs in CSF for the 

diagnosis and monitoring of pediatric medulloblastoma. Researchers used Silver nanocube-

based three-dimensional SERS substrates to acquire spectra from CSF, in order to capture 

distinct molecular fingerprint of tumor-derived EVs. Stacking machine learning frameworks 

applied to the spectral data achieved high accuracy in differentiating medulloblastoma from 

other intracranial tumors. Furthermore, dynamic changes in EV Raman profiles reflected 

therapeutic response, highlighting the potential of this approach for the disease monitoring[43] . 

Extending the application of label-free RS to neurodegenerative disorders, circulating EVs from 

PD patients have been shown to carry disease-related biochemical signatures. Analysis of 

serum-derived EVs using an optimized RS protocol reproducible biochemical signatures 

correlated with disease severity measured by clinical scales. These spectral variations likely 

arise from changes in brain-derived EV populations, modifications in lipid composition, and 

altered glycosylation or glycation of EV cargo, including α-synuclein oligomers[44] . 

EV Raman fingerprint from breast cancer have been studied by Bonizzi et al. This study 

explored the application of RS for EV biochemical characterization isolated from the serum of 

breast cancer patients, with a specific focus on differentiating them from circulating 

lipoproteins. By combining Raman spectral profiling with multivariate statistical analyses, the 

authors identified distinct molecular signatures that enabled effective separation of EVs from 

lipoproteins, as well as between breast cancer patients and healthy controls. Key differences 

were attributed to lipid and protein-related vibrational modes, reflecting pathological alterations 

associated with tumor-derived EVs. Overall, these findings support the potential of Raman-

based methodologies as a robust, minimally invasive tool for liquid biopsy, offering both 

diagnostic insights and a better understanding of disease-specific EVs composition[45] . 

In clinical applications, FTIR spectroscopy has emerged as a complementary tool due to its 

label-free, non-destructive nature, minimal sample requirements, rapid acquisition, and high 

reproducibility, making it attractive for routine biomedical and diagnostic use. Thanks to all 

these abilities, FTIR enables the acquisition of detailed molecular fingerprints with strong 

reproducibility, positioning it as an attractive candidate for translation into routine biomedical 

and diagnostic applications[46] . 
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For example, in breast cancer, FTIR spectroscopy has been applied to serum analysis to detect 

structural alterations in circulating proteins. Through curve-fitting of the amide I band and 

evaluation of absorbance ratios in the amide II and III regions, the study revealed significant 

changes in secondary structure, particularly in the α-helix and β-sheet content. Importantly, 

extending the analysis to the nucleic acid and carbohydrate spectral windows further enhanced 

the discrimination between cancer patients and healthy controls. [47]. 

Another study explored myocardial damage induced by diabetes using murine myocardium 

tissue and murine biofluids (plasma, urine, and saliva) and analyzed by FTIR spectroscopy. The 

results showed that mice exhibited significant metabolic alterations in lipids, proteins, nucleic 

acids, and carbohydrates in both myocardium tissue and biofluids. Importantly, plasma was 

most informative for early stages of diabetic cardiomyopathy, while saliva better reflected later 

disease progression, and their combined analysis improved diagnostic accuracy. These findings 

highlight the clinical potential of FTIR-based biofluid profiling as a non-invasive tool for 

monitoring diseases[48] . 

In EV field, Imola Cs Szigyártó et al. have optimized a protocol to analysed EVs by ATR-FTIR 

with complementary methodologies to investigate biochemical changes in blood and pancreatic 

tumor-derived EVs. The use of ATR-FTIR enabled direct insight into the molecular 

composition of EVs, providing a reliable basis for their biochemical characterization[49] . 

Another study, used ATR-FTIR as method for EV protein quantification. The approach was 

based on measuring the integrated area of the Amide I band, which directly correlates with 

protein content. Calibration was first performed with bovine serum albumin (BSA) standards 

in the range of 0.08–1 mg/mL, showing excellent linearity. To verify the robustness of the 

method in complex matrices, the authors conducted EV dilution experiments and performed a 

spike-in assay, where defined amounts of BSA were deliberately added to EV preparations. The 

proportional increase in the Amide I signal confirmed that the method reliably detected 

variations in protein concentration even within a complex matrix as EV samples. Importantly, 

the protein quantification obtained by ATR-FTIR was comparable to conventional colorimetric 

assays, while avoiding reagents and additional sample manipulation. These findings support the 

use of ATR-FTIR as a straightforward, reproducible, and clinically applicable approach for EV 

protein analysis[50] . 

Recent investigations have also applied FTIR spectroscopy to salivary EVs in the context of 

smoking-related oral carcinogenesis. In this study, EVs isolated from saliva of non-smokers, 

smokers, and oral cancer patients displayed distinct molecular fingerprints, with FTIR detecting 

changes in protein and amino acid content that reflected altered metabolic activity. These 
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findings were complemented by biochemical analyses, which revealed elevated EV protein 

levels, significant alterations in amino acid profiles, and increased concentrations of pro-

inflammatory cytokines IL-6 and IL-8. Importantly, IL-6 levels showed a progressive increase 

from smokers to oral cancer patients, suggesting its involvement in tumor initiation and 

progression. Collectively, these results underscore the potential of EV-based FTIR analysis, in 

combination with conventional biochemical assays, as a non-invasive strategy for early 

detection and monitoring of oral cancer also[51]. 

Taken together, these findings highlight how vibrational spectroscopy approaches, particularly 

when applied to biofluids and their EV fractions, can capture disease-related biochemical 

alterations with high sensitivity, supporting their translation into minimally invasive tools for 

early diagnosis, and patient stratification. 

2.2 Nuclear Magnetic Resonance Spectroscopy for Innovative Biofluid Analysis in 

Clinical applications 

Nuclear Magnetic Resonance (NMR) spectroscopy is an analytical method that utilizes the 

magnetic characteristics of certain nuclei. When a sample is exposed to a strong magnetic field, 

nuclei such as hydrogen (¹H) and carbon (¹³C) adopt specific spin orientations. The application 

of a radiofrequency pulse promotes transitions between these spin states, and as the nuclei 

return to equilibrium, they release distinctive signals. These signals are converted into spectra, 

which provide detailed insights into the chemical environment, atomic connectivity, and 

molecular dynamics, thereby enabling the determination of both molecular structure and 

composition[52] . 
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Figure 2.6 Fundamental Principle of Nuclear Magnetic Resonance (NMR) and Signal 

Acquisition. The image illustrates the sequence of events that occur when an external static 

magnetic field (B₀) is applied to an NMR-active nucleus (e.g., a proton). In the absence of B₀ 

(center, low-energy state), the nuclear magnetic moments are randomly oriented. Upon 

application of the strong external magnetic field (B₀ applied vertically), the spin energy levels 
split into two distinct states: the lower-energy α state (spin aligned parallel to B₀) and the 

higher-energy β state (spin aligned anti-parallel to B₀). The energy separation (ΔE) between 

these two states is directly proportional to the magnetic field strength, according to the Larmor 

equation: ΔE = γ(h/2π)B₀. Resonance occurs when the system absorbs radiofrequency (RF) 

energy that matches ΔE exactly, promoting a transition (flip) of spins from the α state to the β 

state. After the RF pulse, the excited nuclei relax back toward equilibrium, generating a 

complex time-domain signal known as the Free Induction Decay (FID). The final NMR 

spectrum, which displays signal intensity as a function of frequency, is obtained by applying a 

Fourier Transform (FT) to the FID53 . Image modified by AI. 

NMR spectroscopy is not limited to providing fundamental structural data but also serves as a 

powerful tool for investigating interactions within biomolecules such as proteins and nucleic 

acids. Advances in methodologies, including hyperpolarization strategies and isotopic 

enrichment, have markedly improved both the sensitivity and the scope of NMR in 

macromolecular research. These developments allow scientists to gain comprehensive insights 

into the conformational dynamics and intermolecular interactions of large biological 

[53,54] systems . 

Moreover, NMR has gained significant relevance in the biological field for metabolomics 

applications. Indeed, in a recent study, lipoprotein profiling by NMR, combined with advanced 

multivariate analysis, was employed to distinguish patients with PD from individuals with AD 
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and healthy controls. The approach demonstrated excellent classification performance, 

achieving complete separation between groups as well as between early-stage PD and PD-

related dementia. Rather than focusing on single biomarkers, this methodology leveraged 

disease- and stage-specific lipoprotein signatures, highlighting the potential of NMR-based 

lipidomics[55]. 

In addition to neurodegenerative disorders, NMR-based metabolomics has been explored in 

inflammatory muscle diseases. Anupam Guleria and collaborators investigated serum and 

muscle samples from patients with idiopathic inflammatory myopathies (IIM) using high-field 

NMR spectroscopy, comparing them with healthy controls. The metabolic profiles revealed 

marked alterations, including enhanced anaerobic metabolism, impaired oxidative pathways, 

reduced muscle mass, and lipid imbalances. Importantly, these metabolic signatures were able 

to differentiate active from inactive disease states independently of clinical subtype[56] . 

Similarly, another study investigated metabolic alterations in the serum of sepsis patients using 

¹H NMR spectroscopy, comparing septic patients with age- and gender-matched healthy 

controls. Significant changes were observed in metabolites linked to energy metabolism and 

inflammation, including increased glucose, glycine, 3-hydroxybutyrate, creatinine, and 

glycoprotein acetyls, alongside decreased citrate and histidine levels. Researchers also 

discovered that non-survivors exhibited higher lactate and citrate concentrations, suggesting 

these metabolites reflect disease severity and prognosis. The findings highlight ¹H NMR as a 

robust, non-invasive tool for simultaneous quantification of multiple serum metabolites, 

offering potential for early sepsis diagnosis and patient stratification[57]. 

To date, the application of NMR to the study of EVs remains largely unexplored. However, one 

study applied ¹H diffusion-ordered spectroscopy (DOSY) to characterize different 

subpopulations of extracellular nanoparticles. Thanks to this approach, researchers were able 

to non-invasively determine particle size distributions spanning 1–500 nm, capturing both 

conventional small-EVs (50-150 nm) and smaller nanoparticles such as exomers, which are 

undetectable by NTA. EVs derived from milk, embryonic kidney, and renal carcinoma cells 

showed distinct size profiles, validated by TEM and the expression of EV markers. This NMR 

analysis provides sensitive, label-free characterization of particle heterogeneity, purity, and 

composition, offering valuable tools for both basic research and future clinical applications in 

EV field also[58]. 

Building on these findings, NMR spectroscopy presents several distinct advantages that 

enhance its clinical utility. It provides high-resolution analysis and enables the study of samples 

directly in solution, eliminating the need for crystallization. Unlike techniques such as X-ray 
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crystallography, NMR requires minimal sample preparation, allowing rapid and reproducible 

measurements. Moreover, it can capture dynamic processes in biomolecules, offering insights 

into functional and metabolic changes in real time. These features make NMR particularly well-

suited for investigating complex pathophysiological conditions, where monitoring multiple 

metabolites simultaneously can inform early diagnosis and prognostic assessment[59] . Despite 

its advantages, NMR spectroscopy also presents certain limitations. A primary concern is its 

relatively low sensitivity compared to techniques such as mass spectrometry, often requiring 

higher sample concentrations or isotopic labeling to achieve adequate signal detection[60] . 

Additionally, the interpretation of NMR spectra can be challenging, particularly in regions with 

overlapping signals, complicating data analysis[61] . High-field NMR instruments, although 

offering improved resolution, are costly and demand essential infrastructure, which may restrict 

their accessibility in some research or clinical settings[62] . 

Nevertheless, NMR represents a valuable approach to conventional methodologies, with the 

potential applications in elucidating disease mechanisms and in the diagnosis of conditions that 

remain challenging to detect. 

2.3 Aim of the Thesis 

Biofluids are increasingly recognised as highly informative sources in clinical field due to their 

ability to reflect pathophysiological processes. Collected through minimally invasive 

procedures, they provide an opportunity for early diagnosis, disease monitoring and evaluation 

of therapeutic responses. Beyond cells and soluble molecules, biofluids contain mesoscale 

structures, ranging from a few nanometers to several micrometers, which constitute the 

nanostructured secretome. Among these, non-vesicular extracellular particles and EVs are 

present. In particular, EVs are carriers of different bioactive molecules, reflecting cells of origin 

and, therefore, becoming interesting as potential new biomarkers of diseases. 

The clinical translation of whole biofluids and their EVs remain hindered by technical 

challenges. While the analysis of whole biofluids is relatively easier respect to EVs analysis, it 

still requires expensive instrumentation, and time-consuming procedures. In contrast, EVs pose 

additional complexities due to their nanoscale dimensions, heterogeneity, low concentration, 

and the lack of standardized separation and characterization protocols, which limit their 

reproducibility and clinical applicability. 

These limitations underscore the need for analytical strategies able to capture both the 

molecular and mesoscale spectroscopic signatures, addressing the multiscale complexity of 

biofluids. 
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Within this framework, the aim of this PhD thesis is to investigate the potential of different 

spectroscopic methods, alone or in combination, for the characterization of biofluids and their 

EV fractions, with a focus on developing reproducible and clinically relevant protocols that 

could accelerate their translation into diagnostics. By targeting both molecular and mesoscale 

signatures, this work seeks to provide a comprehensive spectroscopic approach to the 

biochemical landscape of biofluids. 

In detail: 

• Chapter 3 explores saliva as a model biofluid for clinical applications, highlighting both 

whole saliva and salivary EVs as sources of molecular and mesoscale information 

respectively. A patented Raman-based workflow is presented as proof-of-concept for 

the diagnostic use of whole saliva, demonstrating its ability to discriminate between 

different respiratory conditions based on their spectroscopic signatures. In addition, RS 

and SERS analysis are applied to salivary EVs and whole saliva respectively, in order 

to show how this accessible and non-invasive biofluid can serve as a valuable diagnostic 

platform and support biomarker discovery within a multiscale framework; 

• Chapter 4 focuses on blood, one of the most widely used biofluids in clinical 

diagnostics. In this chapter, different spectroscopic techniques are applied to whole 

plasma, as well as to plasma- and serum-derived EVs, to explore their diagnostic and 

translational potential across both the molecular and mesoscale levels. RS is combined 

with NMR to analyze whole plasma, with NMR providing complementary molecular 

information that enables the assignment of Raman peaks and the identification of 

metabolites relevant for disease discrimination. 

In parallel, vibrational spectroscopies, including RS and FTIR, are employed to 

investigate plasma- and serum-derived EVs in different pathological and clinical 

contexts. These nanostructured components are analyzed to uncover their mesoscale 

spectroscopic signatures, including conditions such as Intensive Care Unit-Acquired 

Weakness (ICU-AW), hematological malignancies, and rehabilitation interventions in 

Parkinson’s disease. This integrated and multiscale approach enhances the 

interpretability of spectroscopic data, providing deeper insights into the biochemical 

complexity of blood and its nanoscale structures, while reinforcing the potential of EVs 

as translational biomarkers for patient monitoring, therapeutic evaluation, and precision 

diagnostics. 

Altogether, this thesis aims to address unmet clinical needs using spectroscopies to analyze both 

whole biofluids and their EVs fractions. By developing analytical workflows capturing 
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molecular and mesoscale spectroscopic signatures, this work explores the multiscale 

architecture to support patient stratification, biomarker discovery, and the monitoring of 

therapeutic or rehabilitative outcomes in precision medicine. 
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CHAPTER 3 – SALIVA 

In this chapter, I present works using whole saliva and salivary-derived EVs as biomarkers for 

clinical applications in different diseases. Indeed, saliva represents an attractive biofluid in 

clinical field due to its easy, non-invasive and low-cost collection, as well as its rich 

biochemical content. Exploiting the presence of a repertoire of informative molecules, (e.g 

secreted and serum-derived immunoglobulins, cytokines, proteins, and nucleic acids) saliva 

could be a valid alternative to blood and traditional swab, reducing patient discomfort. 

In the following sections, three independent studies are presented in order to explore the 

diagnostic relevance of whole saliva and their salivary EVs through RS and SERS. 

In detail: 

• Sub-chapter 3.1 describes a patented Raman method developed for the study of whole 

saliva, aimed at the differential diagnosis of respiratory diseases, with a specific focus 

on COPD, asthma, and OSA; 

• Sub-chapter 3.2 reports the application of SERS for the molecular characterization of 

whole saliva in subjects previously infected with SARS-CoV-2 or vaccinated against 

COVID-19. SERS, with its high sensitivity and ability to provide detailed molecular 

fingerprints, offers a promising approach to identify biochemical changes associated 

with viral infection and the immune response; 

• Sub-chapter 3.3 presents the development and optimization of a protocol for the 

separation of salivary EVs, specifically for RS analysis. This workflow was compared 

with an established serum-derived EV protocol, confirming the feasibility of using 

salivary EVs as a minimally invasive alternative for mesoscale biomarker discovery. 
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3.1 Whole Saliva Fingerprint by Raman Spectroscopy for Diagnostic and 

Monitoring of Respiratory Diseases 

This sub-chapter presents data related to Patent with the international publication number WO 

2025/032430 A1 

Inventors: Bedoni Marzia, Banfi Paolo, Gualerzi Alice, Forleo Luana, Rodà Francesca, 

Picciolini Silvia, Mangolini Valentina, Gramatica Furio, Lax Agata. 

3.1.1 Introduction 

Chronic respiratory diseases represent a major global health burden, with Chronic Obstructive 

Pulmonary Disease (COPD) standing among the most prevalent and debilitating conditions. 

Indeed, COPD is currently the fourth leading cause of death worldwide, whit over three million 

deaths annually1,2 . COPD is characterized by persistent airflow limitation, progressive 

structural remodelling of the airways, and parenchymal destruction leading to emphysema3. All 

these problems cause chronic cough, excessive mucus production, and dyspnea4. As previously 

described, COPD is extremely complex and as the disease progresses, different disease 

phenotypes can occur: asthma-COPD overlap (aCOPD), non-exacerbating (neCOPD), 

frequently exacerbating with pulmonary emphysema (eeCOPD), and frequently exacerbating 

with chronic bronchitis (ebCOPD)5. The four phenotypes can be diagnose based on a follow-

up where the clinician evaluates the number of exacerbations, the results of High-Resolution 

Computed Tomography (HRCT), the presence of chronic bronchitis and α-1 antitrypsin 

deficiency, in addition to classic pulmonary exams such as dyspnea, low FEV1 and PaO2
6. To 

understand the severity of the disease, clinicians rely on exacerbations (acute episodes of 

clinical instability) because they provide information regarding morbidity and mortality. 

However, predicting the onset of exacerbations requires approximately 2 or 3 years of 

longitudinal evaluation7. 

Current diagnostic and therapeutic determination in COPD are based on spirometry, 

radiological evaluation, symptom scoring, and prolonged clinical monitoring8. To date, the 

Global Initiative For Chronic Obstructive Lung Disease (GOLD) has approved a combination 

drug therapy using Inhaled Bronchodilator Steroids (IBS) and long-acting β2-agonists/long-

acting muscarinic antagonists (LABA/LAMA) to prevent or reduce symptoms9. Another 

problem is the non-adherence to the therapy by the patient is quite common in COPD both for 

pharmacological one and personalized respiratory rehabilitation. The non-adherence to the 

therapy leads to deteriorations in health status, increased mortality risk, and the failure of the 
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therapy10. Unfortunately, there is no biomarkers for a quantitative evaluation of the efficacy 

rehabilitation process. Indeed, to date clinicians use the so-called 6 Minute Walk Test. 

Consequently, there is a need for rapid, sensitive, and non-invasive diagnostic tools able to 

support early phenotyping, predicting exacerbation risk, and enabling longitudinal patient 

monitoring11. 

Other prevalent respiratory disorders such as asthma and Obstructive Sleep Apnea (OSA) share 

overlapping symptoms, inflammatory features, and clinical presentations. Asthma is 

characterized by reversible airway obstruction and chronic airway inflammation12, while OSA 

is a sleep-related breathing disorder that involves a decrease or collapse during sleep of upper 

airflow, leading to intermittent hypoxia and a continuous effort to breathe13. These conditions 

often coexist or mimic COPD, complicating clinical assessment14. 

For this reason, a diagnostic method able to discriminate between COPD, asthma, and OSA is 

urgently needed. 

Within this context, Raman spectroscopy (RS) has emerged as a powerful analytical platform 

for biomedical applications15. RS is based on the vibrational modes of molecules, generating a 

highly specific biochemical fingerprint that reflects of the presence of proteins, lipids, nucleic 

acids, metabolites, and exogenous compounds in the sample under analysis. Moreover, its non-

destructive, label-free nature, minimal sample preparation requirements, and potential for rapid 

measurement make RS an attractive candidate for clinical diagnostics. Importantly, even subtle 

biochemical alterations, often invisible using conventional assays, can be detected with high 

sensitivity, enabling the identification of a specific fingerprint relative to pathology and 

molecular changes induced by treatment16. 

Saliva represents an ideal matrix for RS in diagnostics. Indeed, saliva is easily accessible, non-

invasively collected, and rich in biomolecular information, including proteins, lipids, nucleic 

acids, hormones, and metabolites17. These characteristics make it optimal for longitudinal 

sampling. Furthermore, there are different evidences in literature that show that salivary RS can 

differentiate between healthy and diseased states in oncology18, neurodegeneration19, and 

pulmonary disorders20, supporting its translational potential. 

Building on this information, the patented method described in this chapter aims to develop a 

saliva-based Raman spectroscopic approach able to discriminate among major respiratory 

diseases, including COPD, asthma, and OSA, and providing biochemical indicators related to 

disease phenotype, exacerbation risk, adherence to the therapy, and rehabilitation progress. 

The second aim is to present a method that can be translated to a portable Raman in order to 

obtain a point of care instrument. 
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By generating molecular fingerprints from whole saliva, the method wants to overcome the 

limitations of current diagnostic problems with respiratory diseases, creating a rapid, 

reproducible, and actionable tool useful to clinical diagnostic. 

3.1.2 Patented Method 

3.1.2.1 Saliva Collection and Preparation 

Whole saliva was collected using commercial swabs (Salivette® - Sarstedt AG & CO, 

Numbrecht, Germany), from 70 COPD patients, 77 ASTHMA patients, 33 Healthy Controls 

(CTRL) subjects, and 25 OSA patients. The swabs were chewed for approximately one minute. 

Samples were obtained at least two hours after the last meal and one hour after tooth brushing 

to reduce variability and the presence of contaminants. Furthermore, any recent oral infections 

(e.g., candidiasis, gingivitis), dental procedures, smoking status (current or former), respiratory 

comorbidities, ongoing or recent medications, clinical scales, and rehabilitation treatments were 

registered. 

Swabs could be stored at 4°C for a short term (up to 72 hours) or frozen at -20°C for longer 

conservation. Then, they were centrifuged (2 min at 1000 × g) to recover saliva. The empty 

swab has a weight of 6.5 g; if the collected sample weighed ≤ 6.5 g, the centrifugation step was 

repeated with increased speed and duration. In rare cases where no saliva could be recovered, 

400 μL of deionized water was added to the swab to facilitate elution. The resulting dilution 

was documented, although samples obtained in this way were generally excluded due to 

insufficient biological material. 

For empty samples (with a swab weight equal to or less than its empty weight of 6.5 g), the 

centrifugation step is repeated at a higher speed and duration. If no saliva is recovered after 

further centrifugation, 400 μL of deionized water is added to facilitate elution. The resulting 

dilution is documented due to possible insufficient biological material. Finally, saliva was 

stored at -80°C until use. 

3.1.2.2 Raman Spectra Acquisitions 

About 3 μL of saliva were spotted onto aluminum slides (2×4 cm commercial foil for portable 

Raman instruments, or 1”×3” slides coated with about 100 nm aluminum, Deposition Research 

Lab. Inc., for benchtop instruments) and allowed to dry for 10-15 minutes under sterile 

conditions using biological hood. 

Spectra were acquired using both a benchtop Raman microspectroscope (Aramis, Horiba Jobin-

Yvon) and a portable Raman system (iRaman Plus, B&W Tek). In both tools, the 
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monochromatic light used was a 785 nm laser, and spectra were acquired in the 400-1600 cm⁻¹ 

spectral range. 

For benchtop Raman, the parameters were: 

• Acquisition time: 30 seconds 

• Accumulation: 2 

• Delay time: 2 seconds 

• Grating: 600 gr/mm 

• Hole: 400 µm 

• Object: 50× (Olympus, Japan) 

For portable Raman, the parameters were: 

• Acquisition time: 30 seconds 

• Accumulation: 2 

• Laser Power: 100% 

To maximize biochemical information, spectra were collected at the border of the drop; the so-

called coffee ring. For each sample, 10 spectra were acquired excluding saturated signals. 

For portable Raman, a dark spectrum was collected to record the background signal from light, 

and then subtracted from all sample spectra to eliminate environmental light interference. 

Finally, for each patient the average spectrum was generated as a representative spectrum for 

each subject, and all spectra were exported in .txt format. 

3.1.2.3 Post-processing of the Raman Spectra 

Raw Raman spectra data were processed using a standardized digital processing pipeline, which 

included: 

1. Spike removal using a Savitzky–Golay despiking algorithm (grade 1 to 3); 

2. Baseline correction using a 4th–5th degree polynomial fit with 60-80 max points for its 

construction and with 20-30 noise points; 

3. Wavenumber alignment to a reference peak at 1001 cm⁻¹; 

4. Normalization via unit-vector scaling to account for intensity fluctuations; 

5. Resolution equalization and spectral cropping were performed to standardize datasets 

across acquisitions; 

6. For each experimental group, the average spectrum and the calculation of standard 

deviation were performed; 

7. To highlight the main differences between the experimental groups, the subtraction 

spectrum was performed; 
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8. Calculation of the area under the curve (AUC) in the 898-947 cm-1 region to highlight 

the contribution of lactate in the saliva spectrum21; 

9. Principal Component Analysis (PCA) was applied to reduce dimensionality and 

capture the major spectral variance; 

10. Linear Discriminant Analysis (LDA) was trained using PCA scores to create 

classification models. 

All of these corrections were performed by LabSpec6 and OriginPro. 

3.1.3 Results 

3.1.3.1 Development of Two Raman-Based Classification Models for Respiratory Diseases 

To establish a Raman-based diagnostic workflow able to discriminate between major 

respiratory disorders, two independent PCA-LDA models were developed: 

• Method 1: to classify CTRL, ASTHMA, and COPD. 

• Method 2:  to classify OSA from CTRL. 

Both models were generated using post-processed saliva Raman spectra, using PCA for 

dimensionality reduction and LDA for supervised classification. 

Normalized spectra were used for multivariate analysis in OriginPro, where each spectrum was 

assigned to the corresponding ID name and diagnostic class. PCA was performed on the 

wavenumber, extracting at least 15 principal components to capture meaningful biochemical 

variation across samples. Finally, scores were obtained and used for LDA classification. 

The number of Principal Components (PCs) included in the LDA model was optimized by 

increasing the number of components until the cross-validation error rate reached a minimum 

and began to increase, indicating overfitting. LDA was performed with equal prior probability, 

using a linear discriminant function and leave-one-out cross-validation (LOOCV). 

For benchtop Raman, the PCA-LDA model built on salivary Raman spectra showed robust 

diagnostic capability. Using the first 15 PCs as input variables, the model correctly classified 

COPD vs asthma vs CTRL with an overall accuracy of 84.4%, a sensitivity of 75.2%, and a 

specificity of 88.6%. 

Class-specific performance was also strong: 

• COPD vs ASTHMA and CTRL → accuracy 77% 

• ASTHMA vs COPD and CTRL → accuracy 77.6% 

• CTRL vs respiratory disease (COPD + asthma): accuracy → >98% 
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In LDA, the spectral data are transformed into canonical variables, in order to maximize 

separation between classes. The number of canonical variables is always n-1, where n is the 

number of experimental groups compared. Since Method 1 included three groups (CTRL, 

COPD, and ASTHMA), the analysis produced two canonical variables, which were used to 

visualize group separation. Canonical Variable 1 and Canonical Variable 2 separated the three 

clinical groups into distinct clusters, each surrounded by a 95% confidence ellipse derived from 

PCA-LDA canonical scores (Fig. 1). 

Figure 1. Two-dimensional PCA–LDA scatter plot showing the distribution of salivary Raman 

spectra from CTRL, COPD, and ASTHMA subjects along Canonical Variable 1 (x-axis) and 

Canonical Variable 2 (y-axis). For each clinical group, the 95% confidence ellipse is displayed 

together with the coordinates of its center and the vertices of the major and minor axes. CTRL: 

center (−5.261, −0.003); major-axis vertices (−3.83, 1.82) and (−6.81, −1.73); minor-axis 

vertices (−6.22, 0.88) and (−4.3, −0.89). COPD: center (1.172, 0.561); major-axis vertices 
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(−1.23, 2.74) and (3.57, −1.62); minor-axis vertices (2.91, 2.49) and (−0.57, −1.37). 
ASTHMA: center (1.189, −0.509); major-axis vertices (2.96, 1.39) and (−0.58, −2.41); minor-

axis vertices (−0.41, 0.98) and (2.79, −1.99). 

For portable Raman a smaller cohort was also tested using this PCA-LDA model, confirming 

the robustness of the approach. Indeed, COPD vs ASTHMA were discriminated with 71.9% 

accuracy, demonstrating feasibility for point-of-care applications. 

A second model was developed specifically to discriminate OSA from CTRL. PCA was again 

performed on normalized spectra, and at least 15 PCs were extracted. After optimization to 

minimize cross-validation error, LDA was performed with equal priors, linear discriminant 

functions, and LOOCV. 

Again, the PCA-LDA model built using the first 15 PCs achieved excellent diagnostic accuracy: 

• Overall accuracy → 96% 

• Sensitivity → 96% 

• Specificity → 88.6% 

In this case, only one canonical variable was required to separate the two groups, and 95% 

confidence intervals on Canonical Variable 1 confirmed minimal overlap between OSA and 

CTRL (Fig. 2). 
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Figure 2. Box plot of Canonical Variable 1 (CV1) values obtained from multivariate PCA-LDA 

analysis of Raman spectra. Each point represents the CV1 value assigned to the average 

spectrum of an individual subject, either a CTRL or a subject with OSA. The plot illustrates the 

different distribution of CV1 values between the two groups. 

3.1.3.2 Integration of the Two Models into a Sequential Diagnostic Workflow 

To classify unknown saliva samples, the area under the curve (AUC) of the lactate region is 

evaluated. This area differs between OSA, ASTHMA, and COPD, as there is a known 

relationship between nocturnal hypoxia and lactate levels in sleep-related breathing disorders22. 

If the AUC is less than 0.1, the sample is considered suspected of having COPD or ASTHMA 

and is therefore directed towards method 1. If, on the other hand, the AUC is less than 0.1, the 

biochemical profile is compatible with the OSA spectra, and analysis is carried out using 

method 2 (Fig. 3). 

The Method 1 provides differential diagnosis between COPD, ASTHMA, and CTRL, while 

method 2 confirms or excludes OSA from CTRL. 
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Together, they form a comprehensive system able to distinguish three major respiratory states 

(ASTHMA, COPD, and OSA) from CTRL subjects, using a single biofluid and a rapid, label-

free vibrational spectroscopy approach. 

Figure 3. Flow chart illustrating the decision process for classifying saliva samples based on 

the AUC lactate region. 
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3.1.4 Conclusion and Future Perspective 

In this patented work, we demonstrated that RS applied to saliva represents a rapid, non-

invasive, and label-free method able to capture disease-related biochemical signatures between 

main respiratory disorders. By integrating Raman spectral profiling with PCA-LDA analysis, 

we developed two diagnostic models able to discriminate between CTRL, ASTHMA, COPD, 

and OSA. Both models achieved high accuracy and reproducibility, demonstrating that salivary 

Raman fingerprints capture biochemical alterations related to metabolic changes in respiratory 

diseases. Therefore, the combined workflow presents a foundation for an accessible, point-of-

care diagnostic tool. 

As a future perspective, translating portable Raman devices into the clinical field could 

transform the clinical management of chronic respiratory diseases. Indeed, bringing a portable 

Raman directly to the bedside of patients would enable continuous monitoring, early 

recognition of exacerbations, and a more accurate phenotypic stratification. Furthermore, this 

approach will provide indicators of treatment adherence, offering clinicians timely feedback on 

therapeutic effectiveness, improving personalized disease management. 
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3.2 Molecular Understanding of the Surface-Enhanced Raman Spectroscopy 

Salivary Fingerprint in People after Sars-COV-2 Infection and in Vaccinated 

Subjects 

This sub-chapter is related to the published study carried out at the Laboratory of Nanomedicine 

and Clinical Biophotonics (LABION): Rodà Francesca, Gualerzi Alice, Picciolini Silvia, Forleo 

Luana, Mangolini Valentina, Mancuso Roberta, Agostini Simone, Rossetto Rudy Alexander, 

Pierucci Paola, Banfi Paolo Innocente, Bedoni Marzia (2024). The title of this work is 

“Molecular understanding of the salivary Raman fingerprint in people after Sars-CoV-2 

infection and in vaccinated subjects” published on Chemosensors with open access. 

DOI: https://doi.org/10.3390/chemosensors12070136 

The present work focuses on a study investigating the application of surface-enhanced Raman 

spectroscopy (SERS) to saliva for the detection and monitoring of COVID-19. 

To understand whether viral components and/or immune response contribute to the spectral 

variations induced by the infection, salivary SERS spectra from SARS-CoV-2 infected and 

vaccinated subjects were retrospectively analysed. 

Saliva was collected every week for one month after COVID-19 diagnosis and, in vaccinated 

subjects, before initiating the COVID-19 vaccination cycle (Tv0) and one month after receiving 

the second dose of the Pfizer vaccine (Tv1). 

These longitudinal SERS analyses showed that the salivary biochemical profile present 

progressive modification over the course of infection and recovery, with detectable spectral 

changes persisting up to one month after the first positive swab. Furthermore, multivariate 

analyses were performed between SARS-CoV-2 current (COV+) infection, SARS-CoV-2 past 

(COV-) infection, and healthy controls (CTRL). In this case, Principal Component Analysis 

and Linear Discriminant Analysis demonstrated that COV- remained largely indistinguishable 

from COV+, suggesting that the biochemical signature of COVID-19 remains partially retained 

in saliva after negativization. Conversely, both groups showed clear separation from CTRL. 

To further investigate the reasons behind the spectral overlap observed between COV+ and 

COV- saliva, the study explored whether immunoglobulins produced during the adaptive 

immune response to SARS-CoV-2 might contribute to the SERS fingerprint. In particular, 

immunoglobulin A (IgA) and immunoglobulin G (IgG) were considered, as both increase 

following infection and vaccination. The average SERS spectra recorded at Tv0 and Tv1 were 

compared, showing similar peak patterns. This observation suggested that the vaccine-induced 

antibodies did not produce easily detectable modifications in the salivary SERS signature. 
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Finally, these results indicate that SERS can identify a biochemical fingerprint associated with 

mild COVID-19 and track its gradual normalization over time. Although the molecular origin 

of the spectral changes cannot be attributed to specific viral proteins or immune molecules, the 

persistent alterations in the salivary profile highlight the sensitivity of SERS to subtle infection-

related biochemical processes. 

For a detailed description of the study design, methods, results, and discussion, the full 

published article is provided as a PDF at the end of this thesis. 
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3.3 Biochemical Characterization of Human Salivary Extracellular Vesicles as A 

Valuable Source of Biomarkers 

This sub-chapter is related to the published study carried out at the Laboratory of Nanomedicine 

and Clinical Biophotonics (LABION): Valentina Mangolini, Alice Gualerzi, Silvia Picciolini, 

Francesca Rodà, Angela Del Prete, Luana Forleo, Rudy Alexander Rossetto, and Marzia 

Bedoni (2023). The title of this work is: “Biochemical characterization of human salivary 

extracellular vesicles as a valuable source of biomarkers” published on Biology with open 

access. 

DOI: https://doi.org/10.3390/biology12020227 

The present work focuses on the study of Salivary Extracellular Vesicles (SEV) as potential 

biomarkers through biochemical characterization using Raman spectroscopy (RS). As 

previously discussed, EVs have emerged as important carriers of bioactive molecules, with 

applications ranging from disease diagnostics to monitoring pathological processes. However, 

most studies have focused on blood-derived EVs that often present the problem related to the 

co-isolated particles, such as lipoproteins. In contrast, saliva represents a valid alternative but 

its potential for EV-based diagnostics remains largely underexplored, due to the lower EVs 

concentration compared with EVs from blood. 

In this study, SEV were isolated and compared to EVs from serum in terms of concentration, 

purity, and biochemical composition. In particular, colorimetric nanoplasmonic assay revealed 

that SEV exhibited higher purity than EVs from serum, with reduced co-isolated molecules. 

Indeed, analysis by nanoparticles tracking analysis revealed that EVs from serum present a 

higher concentration respect to SEV. Probably, this is due to the presence of co-isolated 

lipoproteins, a situation that does not occur in saliva which is naturally free of lipoproteins, 

providing thereby a cleaner EV preparation, but lower concentration. 

Despite the lower SEV concentration compared to EVs from serum, RS was able to capture a 

reproducible EV biochemical signature, confirming their typical spectral profile. Notably, 

differences in Raman peaks were found between SEV and EVs from serum, such as in the 

Amide I and Amide III regions, which reflected differences in both protein cargo and their 

biomolecular corona. Furthermore, bands related to carbohydrates in SEV spectra suggested 

the presence of glycosylated molecules, such as mucins, consistent with their expected origin 

from ciliated epithelium of upper airways. Moreover, differences in spectroscopic ratios 

(Nucleic Acids/Proteins and Proteins/Lipids) supported the hypothesis that SEV may carry a 
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higher nucleic acid load than serum-EVs, reinforcing their potential as carriers of RNA 

biomarkers. 

Finally, despite the lower concentration of SEV compared to serum-EVs, RS was able to 

capture a reproducible EV biochemical fingerprint, highlighting SEV Raman signature as a 

valuable diagnostic biomarker, particularly in contexts where plasma lipoproteins may interfere 

or where blood withdrawal is not feasible. 

Therefore, RS represents a turning point in the application of SEV in clinics, taking advantage 

of the simple method of collection of the liquid biopsy and the quick, sensitive and label-free 

biophotonics-based approach. 

For a detailed description of the study design, methods, results, and discussion, the full 

published article is provided as a PDF at the end of this thesis. 

70 



 
 

  

 

 

     

 

  

      

 

  

  

 

  

 

 

  

   

  

 

    

    

     

 

      

     

  

 

 

     

   

CHAPTER 4 – BLOOD 

While the previous chapter highlighted the potential of saliva as a non-invasive and clinically 

attractive biofluid, its use as a routine diagnostic matrix is still emerging. To date, blood remains 

the gold standard matrix in clinical diagnostics. Indeed, as previously discussed, blood contains 

a wide spectrum of circulating molecules that are already used for the detection of several 

biomarkers in oncology. 

For this reason, in this chapter, I present works employing blood-derived biofluids, in particular 

serum, plasma, and their EV fractions, as potential sources of biomarkers for different 

pathologies. 

Within this context, Raman spectroscopy, surface-enhanced Raman spectroscopy (SERS), 

Fourier-transform infrared (FTIR) spectroscopy, and nuclear magnetic resonance (NMR) were 

employed as label-free analytical tools to characterize global molecular signatures in plasma or 

serum and in their EV fractions, enabling a multiscale understanding of the biochemical 

changes associated with the diseases under investigation. 

In detail: 

• Sub-chapter 4.1 presents a combined Raman–NMR analysis of whole plasma from 

patients with sepsis-associated Intensive Care Unit-Acquired Weakness (ICU AW+S). 

This study evidences the potential of the Raman and NMR integration, supporting the 

molecular understanding of this poorly characterized condition; 

• Sub-chapter 4.2 describes the use of FTIR and RS for the analysis of plasma-derived 

EVs from patients with ICU AW+S. Exploring these two complementary techniques, 

the study highlights the capability to establish distinctive mesoscale spectral signatures 

that could act as early biomarkers and support clinicians with bedside management of 

patients; 

• Sub-chapter 4.3 focuses on the use of FTIR spectroscopy to analyze plasma-derived 

EVs from Chronic Myeloid Leukemia patients under different tyrosine kinase inhibitors 

treatments or in treatment-free remission. By profiling therapy-associated EV 

fingerprints, the study highlights the potential of FTIR as a label-free and non-invasive 

tool for disease monitoring and treatment stratification; 

• Sub-chapter 4.4 describes the use of Raman spectroscopy to highlight the impact of an 

intensive treadmill-based rehabilitation in patients with Parkinson’s disease, using EV-

like particles Raman signature. 
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4.1 Combined Raman and NMR Spectroscopy of human plasma reveals 

glutamate, alanine, and dimethylamine variation in ICU- acquired weakness 

patients 

This sub-chapter presents a study resulting from an international collaboration established 

during my research visit at the NMR Research Unit led by Prof. Ville-Veikko Telkki of the 

University of Oulu in Finland. 

The work described herein is based on ongoing research and has not yet been published. 

4.1.1 Introduction 

Advances in spectroscopy have opened new avenues for probing the molecular composition of 

biological samples with high specificity and minimal sample preparation. Among these, 

vibrational spectroscopies, particularly Raman spectroscopy (RS), have attracted significant 

attention in clinical research1,2 . RS is a label-free technique capable of providing a molecular 

fingerprint of biofluids, tissues, and cells with small sample requirements. The global spectral 

information obtained through RS enables a broad range of applications, including disease 

diagnostics, patient stratification, and monitoring of biochemical alterations3. 

RS exploits the inelastic scattering of light to reveal the vibrational modes of molecular bonds 

within a sample. However, when applied to complex biological matrices, the Raman spectrum 

represents an overlap of signals from numerous molecular species. This spectral overlap 

complicates the precise assignment of peaks to specific biomolecules, limiting the 

interpretability of the data4,5 . Given the intrinsic complexity of Raman spectra derived from 

biological matrices advanced computational and analytical strategies are often required to 

achieve reliable interpretation6. Recent studies have comprehensively discussed how 

approaches such as Principal Component Analysis (PCA), Self-Organizing Maps (SOM), and 

Support Vector Machines (SVM), when integrated with RS, can significantly enhance spectral 

deconvolution and classification accuracy 7. In line with these advancements, RS has also 

demonstrated strong potential in forensic and clinical diagnostics, where subtle biochemical 

differences must be detected in complex biological matrices. For instance, recent work has 

applied RS combined with machine learning approaches to differentiate between asphyxia and 

Sudden Cardiac Death (SCD) in experimental rat models8. 

Similar applications of RS have been demonstrated in plasma samples from patients with 

colorectal cancer (CRC). In this context, RS identified characteristic spectral signatures 

associated with proteins, lipids, nucleic acids, and aromatic amino acids, differentiating CRC 

patients from individuals with inflammatory or diverticular conditions. Longitudinal analyses 
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before and after surgical resection further showed that these spectral alterations reverted 

postoperatively, linking the Raman profile directly to tumor presence and highlighting its 

potential for both diagnostic and disease-monitoring purposes9. Beyond oncology, RS has also 

shown promise in infectious complications such as sepsis following burn trauma. Analysis of 

plasma-derived extracellular vesicles revealed spectral features associated with bacterial 

glycoconjugates, enabling discrimination between septic and non-septic patients with high 

sensitivity and specificity. This further demonstrates the versatility of RS in detecting disease-

specific molecular signatures across diverse clinical contexts10. 

Furthermore, RS is often complemented by other standard techniques, such as ELISA, to 

support peak assignment and enhance molecular interpretation. However, the sensitivity of 

conventional biochemical assays such as ELISA is often limited, meaning that low-abundance 

metabolites may remain undetected. In contrast, RS can capture subtle molecular variations 

even at lower concentrations, providing a more comprehensive biochemical profile11. 

Complementary to RS, NMR spectroscopy provides a powerful tool for metabolomic profiling. 

NMR exploits the magnetic properties of atomic nuclei, such as 1H and 13C, which align in 

characteristic spin states under a strong magnetic field. Application of a radiofrequency pulse 

induces transitions between these states, and the resulting relaxation signals are detected and 

translated into spectra. These spectra provide detailed information on chemical environments, 

molecular connectivity, and dynamics, enabling precise elucidation of molecular structures and 

composition12. High-resolution NMR has been applied in metabolomics studies of biofluids. 

For example, Anupam Guleria and colleagues employed high-field NMR to analyze serum and 

muscle samples from patients with idiopathic inflammatory myopathies, identifying metabolic 

signatures indicative of increased anaerobic activity, disrupted oxidative pathways, decreased 

muscle mass, and lipid imbalances. This approach enabled distinction between active and 

inactive disease independently of clinical subtype13. Similarly, 1H NMR has been used to 

characterize serum metabolite alterations in sepsis patients, revealing shifts in energy and 

inflammation-related metabolites correlated with disease severity and prognosis14. 

While both NMR and RS provide complementary molecular information, their analytical 

perspectives differ substantially. NMR offers molecule-specific and quantitative insights, 

allowing precise identification and absolute quantification of metabolites in complex biological 

matrices. In contrast, RS provides a biochemical fingerprint based on vibrational modes 

corresponding to specific chemical bonds, reflecting the overall molecular composition rather 

than individual species15. Conversely, RS, being rapid, label-free, and minimally invasive, is 

more suitable for high-throughput or point-of-care analysis16. Therefore, integrating both 
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techniques leverages the strengths of each: NMR’s molecular specificity complements Raman’s 

sensitivity to subtle biochemical changes, offering a more comprehensive understanding of 

disease-related metabolic alterations. 

Indeed, integration of RS and NMR has been demonstrated to enhance molecular interpretation 

in complex biological samples. In one study, Yan Chen et al. combined 1H NMR and RS to 

investigate metabolomic signatures associated with different differentiation states of 

nasopharyngeal carcinoma cell lines. NMR provided quantitative molecular information on 

amino acid, lipid, TCA cycle, and energy metabolism, while RS not only confirmed these 

findings but also revealed additional spectral variations at the single-cell level17. 

Building on these methodological advances, the present study aims to establish a proof-of-

concept framework for the integration of RS and NMR in the analysis of plasma samples from 

patients with ICU AW+S and from HC. ICU AW is defined as clinically evident weakness in 

critically ill patients with no cause other than the underlying critical illness. It is the most 

common neuromuscular complication in the ICU, affecting 30–50% of patients and up to 67% 

of those with sepsis. ICU-AW is linked to difficult ventilator weaning, prolonged ICU stay, 

increased healthcare costs, and greater long-term morbidity and mortality. Diagnosis is mainly 

clinical, based on the Medical Research Council (MRC) sum score and handgrip dynamometry 

for limb weakness, and recognition of ventilator dependency for diaphragmatic weakness. 

Currently, no validated biomarkers are available for ICU-AW18,19 . 

Given the limited sample size, the aim of this study is not to identify disease-specific 

biomarkers, but rather to illustrate how NMR metabolite profiling can support the interpretation 

of complex Raman spectra. Indeed, by integrating NMR data, it becomes possible to more 

accurately associate specific Raman features with their corresponding molecular species. This 

combined approach not only facilitates a more precise interpretation of the spectral data but 

also offers insights into the underlying metabolic pathways, potentially improving our 

understanding of pathophysiological mechanisms in diseases that are currently difficult to 

diagnose in the clinical setting. To our knowledge, this is the first application of combined RS 

and NMR to human clinical samples, highlighting the potential of this integrative approach for 

the future help to clinicians in early diagnosis and bedside menagment of ICU AW+S patients. 

4.1.2 Experimental Section 

4.1.2.1 Subject Recruitment and Sample Collection 

Plasma samples were obtained from patients diagnosed with ICU AW+S, (n=9; age range: 50– 

84 years, mean age: 71.9; 3 females and 6 males) and from matched HC, (n=5; age range: 43– 
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82 years, mean age: 65.6; 3 females and 2 males) enrolled from the Intensive Care Unit and 

Orthopedic ward at Spedali Civili University Hospital in Brescia, Italy respectively. 

The study was conducted in accordance with the Declaration of Helsinki and Good Clinical 

Practice (Protocol number 34 68). It was approved by the Ethics Committee of Brescia. Written 

informed consent was obtained from all participants prior to blood collection. 

Whole blood was collected into EDTA-containing tubes and processed using a sequential 

centrifugation protocol: initially at 800 × g for 10 minutes, followed by two additional 

centrifugation steps at 2,500 × g for 15 minutes each. All centrifugations were performed at 

room temperature with low acceleration and brake. The resulting plasma was aliquoted and 

stored at −80 °C until analysis20. 

4.1.2.2 Raman Spectroscopy 

Raman analyses were performed using a LabRAM Aramis system (Horiba Jobin Yvon S.A.S., 

Lille, France) equipped with a 785 nm laser source. Three μL of plasma were spotted onto an 

aluminum slide (Platypus Technologies, LLC) to optimize signal collection and minimize 

background interference and left to dry at room temperature for approximately 20 minutes 

under a biological safety cabinet. 

Spectral acquisitions were conducted using a 50× objective lens (Olympus, Japan), using a 600 

grooves/mm diffraction grating, a 50 μm entrance slit, a 400 μm confocal hole, and an 

integration time of 20 seconds for 10 accumulation covering a spectral range of 400–1800 cm⁻¹. 

Ten spectra were collected per subject. 

Raman shift calibration was performed daily using the zero-order line and the characteristic 

silicon band at 520.7 cm⁻¹ as reference. 

Spectral processing was carried out using LabSpec6 and OriginPro2024b software, including 

polynomial baseline correction, unit vector normalization, and post-acquisition wavenumber 

calibration to account for autofluorescence, background interference, and potential thermal 

drift. Subsequently, the Area Under the Curve (AUC) of selected Raman peaks was calculated. 

To this end, all individual spectra from HC and ICU AW+S respectively were overlaid, and the 

peaks of interest were identified. The mean AUC for each peak was then determined for each 

experimental group using the Peak Analyzer tool in OriginPro2024b. 

4.1.2.3 1H-NMR Spectroscopy 

¹H-NMR spectroscopy was performed using a Bruker Avance 600 MHz spectrometer equipped 

with a diffusion probe. For each sample, 300 μL of plasma was mixed with 300 μL of deuterium 
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oxide (D₂O) containing 2.5 mM formate as a quantification standard. The mixture was 

transferred into a 5 mm NMR tube. 

Spectra were acquired at 282 K (4 °C) using the standard zg30 pulse program. For each sample, 

512 scans were collected, and eight replicate spectra were acquired, with a total acquisition time 

of approximately 17 hours per sample. The spectral width was set to 10 ppm. 

Data were processed using Bruker TopSpin 3.7.0, including calibration and manual phase. 

Quantification of metabolites was performed by integrating the area under selected peaks and 

correcting for the number of contributing protons. The data were subjected to Fourier 

transformation and manual baseline correction in MATLAB, and further statistical analysis was 

carried out in OriginPro2024b (OriginLab, Northampton, MA, USA). 

4.1.2.4 Statistical analysis 

RS data and NMR-derived metabolite concentrations were analysed using both descriptive and 

multivariate statistical approaches in OriginPro2024. Principal Component Analysis (PCA) was 

applied separately to the normalized RS spectra and to the concentration matrix obtained from 

the integration of selected NMR peaks. PCA was used to reduce dimensionality and to identify 

the main sources of variance across experimental groups. 

To enhance group discrimination and assess class separability, Linear Discriminant Analysis 

(LDA) was performed on the PCA scores of Raman spectra. To avoid model overfitting, only 

the minimal number of PCs explaining relevant variance were selected as input for LDA. 

The performance of the PCA-LDA model was evaluated using leave-one-out cross-validation, 

assessing sensitivity, specificity, and overall classification accuracy. 

4.1.3 Results and Discussion 

4.1.3.1 Raman Spectral Analysis of Total Plasma 

Starting from a previously optimised protocol developed for saliva samples21,22 , we acquired 

Raman spectra representative of the overall biochemical composition of whole plasma from 

ICU AW+S patients and HC using the spectral range 400-1800 cm-1. For each sample, 10 

spectra were collected from randomly selected points along the edge of the dried plasma 

droplet, taking advantage of the natural concentration of molecules in the so-called “coffee 

ring” region. Figure 1A-B displays the average Raman spectra (±1 standard deviation) obtained 

from whole plasma samples of ICU AW+S patients and HC, respectively. Spectra show a good 

signal-to-noise ratio and highlight the methodological reproducibility across samples. To better 

highlight the spectral differences between the two experimental groups, the average spectra 

were overlaid, with selected bands color-coded according to their molecular origin (e.g., 
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proteins, lipids, nucleic acids, saccharides and carotenoids). See Supplementary Information 

for more details (Figure 1SI and Table 1SI). Furthermore, a subtraction spectrum was generated 

by subtracting the mean spectrum of the HC group from that of the ICU AW+S patients (Fig. 

1C). The resulting spectrum provides a clear and intuitive visualization of the most prominent 

spectral variations between the two groups, allowing the identification of specific regions and 

peaks that contribute to their biochemical distinction (highlighted by arrows in figure 1C). As 

summarized in Table 123, the difference spectrum reveals distinct peak variations between the 

two experimental groups. HC showed higher intensities in several bands assigned to amino 

acids (833, 856, 928-940, 1006 cm-1), as well as in characteristic carotenoid peaks (1161 cm-1), 

and glutamate peaks24 (938 cm-1) suggesting a more robust antioxidant status and a greater 

capacity to neutralize free radicals respect to ICU AW+S patients25. Additional differences were 

also observed at 1342 cm⁻¹, corresponding to CH deformation modes primarily arising from 

proteins and carbohydrates, and at 1450 cm⁻¹, assigned to C–H deformation bands attributable 

to lipid groups, protein side-chain vibrations, and carbohydrate components. A pronounced 

band at 1660 cm⁻¹, associated with amide I vibrations, was also more intense in HC. This region 

reflects contributions from protein secondary structures (α-helix, β-sheet)23. The decreased 

intensity observed in ICU AW+S patients could suggest altered protein conformation, or 

reduced protein turnover. Conversely, ICU AW+S patients exhibited stronger signals in regions 

attributed to nucleotides (600-800 cm -1), particularly DNA, raising the possibility of genomic 

instability or increased cellular turnover26. They also showed enhanced bands associated with 

glycogen (484 cm-1), with CH bending (1380 cm-1), and amide II (1480 – 1575 cm-1), which 

could reflect elevated plasma protein levels and a reduced glycogen mobilization due to 

prolonged inactivity. Such metabolic adaptations are consistent with the catabolic and 

inflammatory state underlying ICU AW18,19 . 

77 



 
 

 

78 



 
 

   

   

  

  

     

   

 

   

   

   

   

   

   

 

 

  

  
 

   

   

    

   

 

  

 

  

    

   

 

 

  

 

 

    

 

 

   

    

  

 

Figure 1. (A-B) Average Raman spectrum of whole plasma from ICU AW+S and HC 

respectively obtained using 785 nm laser and 10 accumulation. Shaded areas represent ±1 

standard deviation. (C) The subtraction spectrum generated by subtracting the mean spectrum 

of two experimental groups (HC - ICU AW+S). 

Table 1. The table presents the assignments of the Raman peaks identified in the subtraction 

spectrum obtaining by subtracting the mean spectrum of total plasma from HC and ICU 

AW+S23. 

HC ICU AW+S 

cm-1 Assignement Assignement 

481 / DNA 

484 / Glycogen 

600-800 / Nucleotide conformation 

833 Asymmetric O-P-O stretching, tyrosine / 

856 

Proline, hydroxyproline, tyrosine, C-C 

stretching / 

928–940 n(C-C), stretching in amino acids 
/ 

1006 Phenylalanine (proteins) / 

1161 Carotenoids / 

1290 - 1400 / CH bending 

1342 

CH deformation (proteins and 

carbohydrates) / 

1450 

C-H deformation bands (CH functional 

groups in lipids, amino acids side chains 

of the proteins and carbohydrates) / 

1480 - 1575 / Amide II 

1660 Amide I / Lipids / 

4.1.3.2 Multivariate Analysis 

Although specific peaks could be identified for each experimental group, plasma is a highly 

complex biological fluid, and many vibrational modes tend to overlap, making spectral 

interpretation challenging. Therefore, to better discriminate between the two groups, 

multivariate analysis such as Principal Component Analysis (PCA) and Linear Discriminant 

Analysis (LDA) were applied. These techniques allow the reduction of spectral dimensionality 

while enhancing class separation. Firstly, we obtained the Principal Components (PCs) that 

describe the differences among spectra, with the PCs representing variable percentage of total 

data variance. As shown in figure 2A, PC3 and PC4 capture emerging trends between ICU 

AW+S patients and HC. However, the two groups are not clearly separated in the corresponding 

score plot. This difficulty in achieving separation through PCA is likely due to the high intra-
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group variability inherent in biological samples. Such heterogeneity can mask discriminant 

features in unsupervised models27. To address this, a supervised approach (LDA), was 

subsequently employed. The first eight principal components were used as input variables for 

LDA, which generated the Canonical Variable (CV) scores shown in Figure 2B. These scores 

condense the variance observed between the Raman spectra of the two groups into a single 

discriminant dimension, facilitating both group comparison and the development of the 

classification model. 

To evaluate the performance of the model, a leave-one-out cross-validation approach was 

applied. The model achieved a mean classification error rate of 14,22%, reflecting the 

complexity of the biological samples. Statistical comparison of CV scores between ICU AW+S 

patients and HC using the Mann–Whitney test revealed a significant difference (p value < 

0.0001), supporting the ability of RS combined with LDA to detect differences in plasma 

composition between the two experimental groups. 

Figure 2. (A) PCA with the 95% confidence ellipse of the Principal Component 3 (8.8%), and 

Principal Components 4 (5.3%) cumulatively representing the 14.1% of variance; (B) Box plot 

illustrating the distribution of the canonical variable obtained from the PCA-LDA classification 

model. The analysis was performed using the first seven principal component scores as input 

for LDA. Each point corresponds to the mean spectrum of an individual subject. A non-

parametric Mann–Whitney test confirmed a significant difference between the HC and ICU 

AW+S groups (*** p < 0.0001). 
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4.1.3.3 Quantitative Metabolomic Profiling by ¹H-NMR 

Plasma samples from ICU AW+S patients and HC were analyzed using ¹H NMR spectroscopy 

as described in the Materials and Methods section. Each spectrum was acquired with a spectral 

width of 10 ppm, ensuring comprehensive coverage of the low-molecular-weight metabolite 

region. For absolute quantification, a known concentration of formate (2.5 mM) was added to 

each sample prior to acquisition. The formate resonance, located in a region devoid of 

overlapping plasma signals, served as an internal standard and did not interfere with metabolite 

identification (Figure 3A). 

Figure 3A presents a representative ¹H NMR spectrum from a plasma sample after baseline 

correction, showing the main resonances corresponding to circulating metabolites, including 

amino acids (e.g., valine, leucine, isoleucine, glutamate, glutamine), organic acids (e.g., lactate, 

citrate), energy-related metabolites (e.g., glucose), and other endogenous molecules such as 

dimethylamine. A full list of annotated metabolites is provided in Table 228,29 . 

Peaks corresponding to EDTA, originating from anticoagulant tubes, were also detected but 

excluded from further analysis due to their exogenous origin30. 

PCA was performed on quantified metabolite concentrations to obtain an overview of group-

dependent metabolic variations. The resulting score plot (Fig. 3B) revealed a clear separation 

between HC and ICU AW+S patients, indicating distinct metabolic profiles. The corresponding 

loading plot showed that glutamate, glycine, glutamine, valine, alanine, and lactate were more 

concentrated in HC, whereas dimethylamine, creatinine, and creatine were elevated in ICU 

AW+S samples. Metabolites positioned near the origin exhibited similar concentrations 

between groups, suggesting no significant variation. 

From a biological point of view, data suggest that ICU AW+S patients display a metabolic 

phenotype characterized by disrupted amino acid homeostasis, potentially reflecting enhanced 

muscle protein catabolism and reduced protein turnover. The higher glutamate levels quantified 

in HC respect to ICU +S may indicate a more efficient antioxidant defense, given glutamate’s 

pivotal role25 as a precursor in glutathione biosynthesis, which is compromised in ICU AW+S 

18,19 patients . In contrast, elevated dimethylamine levels in ICU AW+S patients likely reflect 

intensified protein degradation or altered methylamine metabolism, both consistent with a 

catabolic and stress-associated metabolic state31. Collectively, these observations support the 

presence of metabolic reprogramming in ICU AW+S, with implications for energy balance, 

oxidative stress, and amino acid utilization18,19 . 

Table 2. The table presents the metabolites individuated by NMR28,29 
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Metabolite Assignement Peaks (ppm) 

α-Glucose H1 5.23 

β-Glucose H1 4.65 

Lactate CH – CH3 4.12 – 1.33 

Creatinine CH2 4.05 

Glycerole CH2 3.65 

Valine α-CH 3.57 

Glycine CH2 3.55 

Creatinine CH3 3.04 

Creatine CH3 3.03 

Dymethylamine CH3 2.72 

Citrate CH2 2.66 

Glutamine γ-CH2 2.44 

Pyruvate CH2 2.37 

Acetoacetate CH3 2.23 

Glutamate β-CH2 2.13 

Acetate CH3 1.92 

Alanine CH3 1.47 

3-hydroxybutyrate γ-CH3 1.2 

Valine CH3 1.04 

Isoleucine β-CH3 1.01 

. 
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Figure 3. (A) Representative ¹H-NMR spectrum of total plasma sample. The manual baseline 

correction was performed. (B) PCA of quantified NMR metabolite concentrations. PC1 and 

PC2 account for 29.30% and 23.54% of the total variance, respectively (cumulative variance 

= 52.84%). Longer vectors indicate metabolites with a stronger contribution to group 

discrimination respect to the other closer to the origin. 

4.1.3.4 Correlating RS with NMR Results 

Building on the findings analyses, we next focused on integrating NMR and RS data to highlight 

their ability to provide orthogonal converging information. 

Notably, we found a strong correspondence between some NMR-quantified metabolites levels 

(glutamine, glutamate, alanine, and dimethylamide) and Raman spectral features in the amino 

acid region (833, 856, 928-940 cm-1), particularly in proximity to the phenylalanine peak (1006 
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cm-1), glutamate peak (938 cm-1), amide I peak (1660 cm-1) and peaks related to N-H 

stretching vibrations23,24 . In particular, alanine and glutamate were found to be decreased in 

ICU AW+S patients based PCA analysis of metabolites quantify by NMR. The same trend was 

also observed for glutamine, which showed higher concentrations in HC compared to patients. 

This finding is consistent with literature describing reduced glutamine levels in critically ill 

patients32. Accordingly, the Raman spectra of ICU AW+S patients exhibited lower intensity in 

the amino acid region, further supporting the correspondence between the metabolic alterations 

detected by NMR and the spectral features observed by RS (Fig. 2SI). 

Moreover, the amide I Raman peak at 1660 cm⁻¹ further contributes to explaining the elevated 

concentrations of certain amino acids observed in both NMR and Raman analyses. As described 

in the section of the RS results, the amide I band reflects the C=O stretching vibrations in the 

protein backbone and it is indicative of secondary protein structures such as α-helices and β-

sheets26. Notably, the amide I peak not only exhibited increased intensity in HC patients but 

also displayed a distinct conformational profile (Fig. 3SI). The amide I peaks from ICU AW+S 

and HC were analyzed by integrating the AUC, revealing a statistically significant difference 

(Fig. 4SI). Changes observed in the amide I band likely reflect modifications in the structural 

integrity or dynamics of protein backbones, which could in turn affect the balance of amino 

acid pools. Accordingly, the specific evaluation of glutamate provided further insight into these 

molecular alterations. The mean Raman intensity of the glutamate peak at 93824 cm⁻¹ appeared 

lower in ICU AW+S patients compared to HC, consistent with NMR results (Fig.4A). In 

addition, the AUC of the corresponding Raman peak was calculated for each individual 

spectrum, revealing a statistically significant decrease in ICU AW+S patients (Fig.4B). The 

qualitative reduction observed in the Raman spectra is consistent with the NMR findings and 

supports the overall trend of altered amino acid metabolism. Glutamate reduction may reflect 

broader metabolic disturbances18,19 . Indeed, it serves as a key precursor for glutathione, which 

is essential for reactive oxygen species (ROS) regulation and maintenance of redox 

homeostasis. Glutamate is also involved in GABA metabolism33, supporting neuronal 

transmission, and can be converted to α-ketoglutarate to enter the Krebs cycle. Therefore, 

decreased glutamate levels may indicate impaired oxidative metabolism and reduced energy 

production25. 

Consistently, alanine concentrations were also lower in ICU AW+S patients compared to 

controls (Fig. 5SI). Alanine is a key amino acid for protein synthesis, and its reduction may 

reflect impaired protein metabolism, potentially contributing to the muscle atrophy observed in 

ICU-AW. The combined decrease in glutamate and alanine suggests that the cells may 
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experience both diminished antioxidant capacity and limited substrate availability for energy 

production via the Krebs cycle, highlighting a link between oxidative stress, disrupted energy 

metabolism, and muscle wasting in these patients34. 

Importantly, the observed changes in amino acid and protein-related signals might not solely 

reflect the disease as these types of patients were septic. Consequently, bacterial metabolism 

could also contribute to these biochemical signatures influencing both the Raman spectral 

profile and NMR-detected metabolite concentrations. 

Furthermore, dimethylamine was found to be more abundant in ICU AW+S patients compared 

to HC, as quantified by NMR (Fig. 4C). The presence of the additional methyl group is often 

associated with metabolic dysregulation, as dimethylamine is typically considered a metabolic 

waste product35. Indeed, critically ill patients, often exhibit elevated ADMA and DMA, which 

are linked to organ failure and increased mortality31. Consistently, several Raman bands 

corresponding to N–H bonds (718, 1270, and 1308 cm⁻¹) displayed increased intensity and 

different shape in ICU AW+S spectra relative to HC. Evaluation based on AUC further 

confirmed a statistically significant increase, reinforcing the concordance between Raman and 

NMR findings as shown in figure 4D, E, F. These spectral changes likely reflect the higher 

concentration of dimethylamine found on NMR, as the Raman signal corresponds to the 

increased prevalence of its characteristic chemical bonds. 

This concordance further illustrates how NMR and RS provide complementary insights, linking 

molecular concentration to structural features detectable by vibrational spectroscopy, thereby 

aiding the interpretation of the underlying metabolic context. 

Finally, taken together, these results demonstrate how the combination of NMR and RS 

enhances the interpretability of complex Raman spectra, enabling more accurate biochemical 

insights. 
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Figure 4. (A) Box plot showing the AUC of the Raman peak at 938 cm⁻¹, attributed to 
glutamate24. A non-parametric Mann–Whitney test confirmed a significant difference between 

HC and ICU AW+S patients (***p < 0.0001); (B) Box plot of NMR-derived glutamate 

concentrations, where a Student’s t-test indicated a significant difference between ICU AW+S 

and HC groups (**p = 0.00885); (C) Box plot of NMR-derived dimethylamine concentrations, 

with a Student’s t-test confirming a significant difference between ICU AW+S and HC groups 

(*p = 0.01251). (D–F) Box plots of Raman peaks at 718, 1270, and 1308 cm⁻¹ corresponding 
to C–H bond vibrations representative of dimethylamine. A non-parametric Mann–Whitney test 

confirmed a significant difference between HC and ICU-AW+S groups (***p < 0.0001). 

4.1.4 Conclusion 

This study demonstrates that the integrated use of RS and NMR provides a robust and 

complementary analytical strategy for the biochemical characterization of human plasma. By 

combining bond-level vibrational information from RS with molecule-specific quantitative data 

from NMR, this multimodal approach enabled a comprehensive assessment of metabolic 

alterations associated with ICU AW+S18,19 . 

RS revealed significant spectral differences between ICU AW+S patients and HC, particularly 

in regions related to amino acids, proteins, and nucleotides. Correspondingly, NMR 

metabolomic profiling confirmed decreased concentrations of glutamate, glutamine, and 

alanine, alongside increased levels of dimethylamine, creatine, and creatinine in ICU AW+S 

plasma29,30 . The cross-validation between Raman and NMR findings demonstrated consistent 

molecular patterns across both techniques. Indeed, the association of the 938 cm⁻¹ (glutamate)24 

and 1660 cm⁻¹ (amide I)23 Raman peaks correlate, in a specific way with the elevated 

concentrations of glutamate, but also with other amino acids observed in NMR. 

Likewise, the elevated dimethylamine levels detected by NMR agreed with the increased 

Raman N–H vibrational bands (718, 1270, and 1308 cm⁻¹), whose AUC was significantly 

higher in ICU AW+S samples, further confirming the molecular origin of these spectral 

features. 

These findings highlight the complementary strengths of the two spectroscopic methods: NMR 

provides quantitative molecular specificity, while RS captures biochemical and structural 

variations. Although the current sample size limits the identification of definitive biomarkers, 

the strong agreement between the two datasets reinforces the analytical and interpretative value 

of this integrated approach. Notably, the combined RS-NMR analysis enabled the identification 

of three metabolites that were altered in ICU AW+S patients: glutamate, alanine, and 

dimethylamine. 
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Future studies should expand the sample cohort and include an additional experimental group 

of patients with sepsis only, in order to exclude metabolic differences attributable solely to 

bacterial infection. This will help to identify biomarkers specifically associated with ICU-AW 

pathophysiology. Moreover, advanced NMR approaches such as diffusion-ordered 

spectroscopy (DOSY)36 should be incorporated to investigate lipid-related contributions. 

Overall, the synergistic use of RS and NMR represents a promising framework to understand 

the pathophysiological mechanisms of diseases whit a great potential for biomarker discovery 

in complex clinical conditions as ICU AW+S. 

4.1.5 Supplementary Materials 

Raman Spectral Analysis of Total Plasma 

Raman spectra were acquired and processed as described in the main manuscript. The overlaid 

mean Raman spectra of ICU AW+S patients and HC, with selected bands color-coded 

according to their molecular origin, are reported in this section together with the corresponding 

table summarizing peak assignments (Figure 1SI and Table 1SI). 

Figure 1SI. Overlaid mean Raman Spectra of ICU AW+S (red line) and HC (blue line) with selected 

band color: blue for proteins, yellow for lipids, red for nucleic acids, green for saccharides, and orange 

for carotenoids. 
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Table 1SI. The table reports the assignments of the Raman peaks identified in the mean spectrum of 

ICU AW+S and HC. 

cm-1 Assignement 

509 S-S disulfide stretching band of cysteine 

545 Cholesterol 

573 Tryptophan, Cystoine, Guanine 

600-800 Nucleic Acid 

624 

634 

C-C twisting mode of phenylalanine (proteins) 

Glycerol 

645 C-C twisting mode of phenylalanine (proteins) 

666 G, T (ring breathing modes in the DNA bases), tyrosine-G backbone in RNA 

683 Ring breathing modes in the DNA bases 

703 Cholesterol, cholesterol ester 

718 Symmetric stretch vibration of choline group, N+(CH3)3, characteristic for 

phospholipids, phosphatidylcholine, sphengomyelin, C-C-N symmetric stretching in 

phosphatidylcholine (lipid assignment) 

743 Cholesterol ester (as part of the hydrophobic core of the LPs) 

760 Tryptophan 

833 Asymmetric O-P-O stretching, tyrosine 

856 Proline, hydroxyproline, tyrosine, C-C stretching 

901 Monosaccharides (b-glucose), (C-O-C) skeletal mode, disaccharide (maltose), (C-O-C) 

skeletal mode 

928–940 n(C-C), stretching in amino acids 

938 Glutamate 

953 CH3 of proteins (a-helix) 

961 Symmetric stretching vibration of phosphate, lipid 

1006 Phenylalanine (proteins) 

1105 Carbohydrates peak 

1129 n(C-C) skeletal of acyl backbone in lipid 

1161 Carotenoids 

1176 C-H bending tyrosine (proteins) 

89 



 
 

  

  

  

  

    

 

 

  

  

  

  

  

  

  

 

   

    

  

   

   

  

     

   

  

1340 Nucleic acid mode 

1200-1350 Amide III 

1270 Amide III, a C-N stretch from α-helix proteins 

1308 C-N asymmetric stretching in asymmetric aromatic amines 

1319 CH2 twisting mode of the hydrophobic chains of fatty acids 

1450 C-H deformation bands (CH functional groups in lipids, amino acids side chains of the 

proteins and carbohydrates) 

1521-1527 C=C carotenoid 

1553 Amide II  

1558 C-N and N-H amide II (protein assignment) 

1588 Phenylalanine, hydroxyproline 

1607 Tyrosine, phenylalanine ring vibration, C=C phenylalanine, tyrosine 

1618 C=C Tryptophan 

1660 Amide I 

Correlating RS with NMR results 

NMR and Raman data provided convergent information, facilitating a more accurate 

interpretation of the results. Both datasets showed similar trends in amino acid profiles, with 

Raman peaks (Fig. 2SI) and NMR-quantified amino acids, including glutamate, glycine, 

glutamine, valine, and notably alanine, higher in HC than in ICU AW+S patients. This decrease 

in alanine (Fig. 3SI), as reported in the main manuscript, may reflect altered protein metabolism 

in patients. Additional support comes from the Raman peak at 1660 cm⁻¹ (amide I), which is 

more intense and conformationally distinct in controls, with its AUC showing statistically 

significant differences indicative of modifications in protein backbone structure (Fig. 4SI–5SI). 
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Figure 2SI. Mean Raman spectra of HC (blue), and ICU AW+S (red) with an inset highlighting amino 

acid-related peaks. Higher intensities are observed in HC compared to ICU AW+S. 

Figure 3SI. Box plots showing alanine concentrations in healthy controls (HC, blue) and ICU-AW+S 

patients (red) quantified by NMR spectroscopy. Alanine levels were significantly higher in HC 

compared to ICU-AW+S patients (p value = 0.00872), as determined by Student’s t-test. 
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Figure 4SI. Focus on the Raman peak at 1660 cm⁻¹ corresponding to the amide I band. Overlapped 
spectra of HC (blue) and ICU AW+S (red) show greater intensity in HC as well as a distinct 

conformational difference of the peak compared to ICU AW+S. 

Figure 5SI. Area under the curve (AUC) of the 1660 cm⁻¹ amide I peak calculated for HC and ICU 

AW+S patients. Statistical comparison using Student’s t-test reveals a significant difference (p = 

0.00469). 
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4.2 Spectroscopic Profiling of Extracellular Vesicles as Emerging Biomarkers for 

Sepsis-Associated ICU-Acquired Weakness 

This sub-chapter presents preliminary unpublished data obtained from samples collected as part 

of the Ricerca Finalizzata 2021 project (RF-2021-12375279), in collaboration with the 

Intensive Care Unit (Prof. Nicola Latronico and Dr. Simone Piva) and the Orthopedics Ward 

(Dr. Stefano Cattaneo) of the Spedali Civili in Brescia. 

4.2.1 Introduction 

Intensive Care Unit–Acquired Weakness (ICU-AW) is a frequent neuromuscular impairment 

that affects critically ill patients, particularly those with sepsis, where the incidence is up to 

67%[1]. 

ICU-AW manifests as diffuse, symmetrical muscle weakness that prolongs mechanical 

ventilation, delays rehabilitation, worsens overall prognosis, and consequently leads prolonged 

ICU stay, higher hospitalization charges, and increased long-term morbidity and mortality[2] . 

Despite its high prevalence and clinical impact, the pathophysiology of ICU-AW remains only 

partially understood, and no reliable biomarkers currently exist for its early detection or 

monitoring. 

To date, the diagnosis of ICU-AW is based on the assessment of muscle strength using Medical 

Research Council Score (MRC-SS) where a total score of <48 and <36 are diagnosed with ICU-

AW and severe ICU-AW, respectively[3]. However, these manual methods require patients 

awake and cooperative, which is challenge in case of coma or sedation. Indeed, when manual 

testing is not possible, imaging techniques such as neuromuscular ultrasound[1] and computed 

tomography[4] are employed. Furthermore, electromyography and nerve conduction 

measurements can also help with the diagnosis of ICU-AW in uncooperative patients[5], but 

they usually require professional equipment, trained personnel, and time-consuming. 

For all these reasons, the identification of sensitive, non-invasive biomarkers able to capture 

the systemic and muscular alterations associated with ICU-AW, especially when sepsis is 

present, represents an urgent clinical need. 

In this context, Extracellular Vesicles (EVs) have emerged as potential biomarkers in clinical 

field due to their ability to reflect the physiological and pathological state of their cells of 

origin[6] . Indeed, EVs are released by all cell types and circulate in all biofluids, transporting 

bioactive molecules, including proteins, lipids, and nucleic acids, both inside them and as 

biomolecular corona[7]. EV molecular composition can change dynamically in response to 

inflammation[8], infection[9], and tissue damage[10], making them attractive tools for disease 
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diagnosis, prognosis, and therapeutic monitoring. In the context of ICU-AW sepsis associated, 

EVs could provide valuable insights into muscle injury, immune dysregulation, and metabolic 

alterations underlying disease progression. However, the EV clinical translation remains 

challenging due to their nanoscale dimensions, structural heterogeneity, and long-complicated 

isolation and characterization[11] . Moreover, the most available analytical methods for EV 

analysis, such as nanoparticle tracking analysis and flow cytometry, require expensive 

instrumentation and often lack of sensitivity for routine clinical use[12]. Indeed, standardization 

of EV isolation and analysis protocols is still an unmet need, limiting reproducibility across 

studies. 

To overcome these limitations, biophotonic techniques have gained attention as powerful 

analytical tools able to characterize subpopulations of EV in a rapid and non-destructive 

[13] manner . 

Among them, Raman spectroscopy (RS) and Fourier Transform InfraRed (FTIR) Spectroscopy 

are vibrational and label-free technologies that detect specific molecules of a sample irradiated 

by a laser and IR radiation respectively. Indeed, vibrational spectroscopies provide a fingerprint 

of the sample, individuating modifications concerning the levels, and presence of proteins, 

lipids, metabolites, and nucleic acids allowing a precise biochemical characterization and 

[14] differences associated with disease states . 

For example, Hannah J, O’Toole and collaborators investigated the use of RS for the analysis 

of plasma-derived EVs from burn patients to identify sepsis-related biochemical signatures. 

Using quadratic discriminant analysis, the Raman spectra of plasma-derived EVs successfully 

distinguished septic from non-septic burn patients with 97.5% sensitivity and 90.0% specificity, 

outperforming current biomarker-based approaches for sepsis diagnosis[15]. 

In a similar way, another work studied plasma-derived EVs from subjects with Duchenne 

Muscular Dystrophy (DMD) at different stages and Healthy Controls (HC) using FTIR 

spectroscopy. Researcher focused on protein (Amide I and II) and lipid region, using machine 

learning approaches such as Principal Component Analysis (PCA) and Random Forest to 

classify DMD and HC based on spectral features. Distinct alterations in protein and lipid 

configurations were observed in DMD-derived EVs, demonstrating the potential of FTIR-based 

analysis as a rapid, automated, and minimally invasive tool for early diagnosis and disease 

monitoring[16]. 

Due to the lack of early biomarkers for ICU AW+S and the critical need for bedside patient 

management, this study aims to analyze EVs separated by Size Exclusion Chromatography 

(SEC) using Raman and FTIR spectroscopy, for obtaining a molecular fingerprint to serve as a 
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potential disease biomarker. Given their complementary analytical strengths, Raman and FTIR 

spectroscopy were together employed, as each technique probes distinct vibrational modes. By 

integrating both approaches, it is possible to capture a more complete EV molecular profile, 

improving the detection of subtle alterations related to ICU AW. 

This work further seeks to evaluate the potential of EV-based Raman and FTIR profiling as an 

early, non-invasive diagnostic tool for ICU-AW, ultimately paving the way for the integration 

of vibrational spectroscopy into clinical workflows and offering new perspectives for precision 

diagnostics and patient monitoring in critical care. 

4.2.2 Method and Materials 

4.2.2.1 Subject Recruitment and Sample Collection 

Plasma samples were collected from three groups: patients with ICU AW+S (n = 9; age range 

58 – 84 mean age 70; 2 females and 7 males), patients with SEPSIS only (SEPSIS; n = 5; age 

range 59 – 83, mean age 71; 3 females and 2 males), and Healthy Controls (HC; n = 7; age 

range 43 – 82, mean age 62; 4 females and 3 males). Participants were recruited from the 

Intensive Care Unit and the Orthopedic Ward at Spedali Civili University Hospital in Brescia, 

Italy. The study adhered to the principles of the Declaration of Helsinki and Good Clinical 

Practice (Protocol number 34 68) received approval from the Ethics Committee of Brescia. 

Written informed consent was obtained from all participants prior to sample collection. 

Whole blood was collected into EDTA-containing tubes and processed through a stepwise 

centrifugation protocol: first at 800 × g for 10 minutes, followed by two consecutive spins at 

2,500 × g for 15 minutes each. All centrifugation steps were performed at room temperature 

with low acceleration and brake settings. The resulting plasma was then aliquoted and stored at 

−80 °C until EV separation[17]. 

4.2.2.2 EV Separation 

For EV separation, 600 µL of plasma were first centrifuged at 1500 × g for 10 min at 4°C. Then, 

the supernatant was collected and subjected to a second centrifugation at 10,000 × g for 10 min 

at 4°C to remove residual cellular debris. Subsequently, 500 µL of the centrifuged plasma were 

loaded onto a SEC column (qEV/70 nm series; Izon Science, Christchurch, New Zealand), and 

fractions from1 to 17 were collected sequentially (400 µL each). 

Each fraction was ultracentrifuged at 100,000 × g for 2 h at 4°C (UC) and the resulting EV 

pellets were resuspended in 60 µL of buffer for subsequent analyses. 
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4.2.2.3 Trichloroacetic acid (TCA) for protein precipitation 

SEC fractions (1–17) were treated using 10% TCA and incubated on ice for 4 hours in order to 

promote protein precipitation. Following incubation, fractions were centrifuged at 13,000 × g 

for 10 minutes at 4°C. Then, supernatant was removed without disturbing the protein pellet. 

The resulting pellets were resuspended in sodium acetate trihydrate to neutralize the pH. A 

second centrifugation step was then performed at 13,000 × g for 10 minutes at 4°C. After 

removal of the supernatant, the residual sodium acetate was allowed to evaporate completely. 

Pellets were subsequently resuspended in 2× sample buffer (80 mm Tris, pH 6.8, 2% SDS, 

7.5% glycerol, 0.01% bromophenol blue, 2% 2-mercaptoethanol), sonicated for 20 seconds at 

60% amplitude, and boiled at 95°C for 5 minutes. Finally, the prepared samples were stored at 

−20 °C until further analysis[18]. 

4.2.2.4 SDS-PAGE and Western Blot (WB) 

SDS–PAGE and WB were performed according to standard protocols[19]. Total plasma (30 µg 

of protein, as determined by the Bradford assay) was used as a positive control, and SEC 

fractions 1-17 were analyzed. An equal volume (30 µL) of each fraction was loaded onto 12.5% 

acrylamide-bisacrylamide gels and subjected to electrophoresis under denaturing conditions. 

Following SDS-PAGE, proteins were transferred to PVDF membranes (Bio-Rad) and probed 

with specific antibodies. CD63 (Millipore, clone RFAC4, CBL553), a canonical EV marker[20] , 

was used to confirm the presence of EVs, while Apolipoprotein A1 (APOA1; Thermo Fisher 

Scientific, 701239; dilution 1:500) was employed as a lipoprotein marker. Detection was 

performed using appropriate HRP-conjugated secondary antibodies and a chemiluminescent 

substrate. 

4.2.2.7 Dot Blot (DB) 

SEC pooled fractions 6, 7, 8, and individual fractions 13, 15, and 17 were analyzed by DB 

following the protocol published by Paolini et al.[21]. Before to start with DB analysis, SEC 

fractions were concentrated by ultracentrifugation at 100,000 × g for 2 h at 4°C, and the 

resulting pellets were resuspended in 15 μL of H2O HPLC. Protein concentrations were 

determined using a BCA assay. For the Dot Blot analysis, 3 μg of protein from the pooled 

fractions (6.7,8) and from individual fractions 13, 15, and 17 were spotted onto a nitrocellulose 

membrane (BioRad) and allowed to dry at room temperature. Then, the membrane was 

incubated with blocking solution (5% dry milk in PBS with 0,1% of Tween-20) for 1 hour at 

37°C under gentle agitation. Following blocking, membrane was incubated overnight at 4°C 
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with primary antibodies for CD63 (EV marker)[20] and APOA1 (lipoprotein marker). The next 

day, membrane was washed three times for 10 minutes each with PBS containing 0.1% Tween-

20, and subsequently incubated with the appropriate secondary antibodies. Finally, the 

membrane was detected in chemiluminescent mode. 

4.2.2.6 Bicinchoninic acid (BCA) and Bradford assay 

Total plasma protein concentration was determined using the Bradford assay (BioRad), 

following the manufacturer’s instructions. Given the low protein content typically associated 

with EV preparations, the Pierce™ BCA Protein Assay Kit (Thermo Fisher Scientific, 

Rockford, USA) was used to quantify protein concentration in SEC fractions, according to the 

manufacturer's instructions. All measurements were performed in triplicate, and protein 

concentrations were calculated using a Bovine Serum Albumin (BSA) standard curve. 

4.2.2.7 COlorimetric NANoplasmonic Assay (CONAN) 

Selected SEC fractions (7, 10, 15, 17) were assessed for purity[20] and potential contaminants 

using the CONAN assay, a method based on the clustering of gold nanoparticles (AuNPs) onto 

al[22] lipid membranes, as previously described by Maiolo et . The assay was performed 

according to the published protocol[23]. Briefly, 2 µL of each SEC fraction were serially diluted 

in HPLC water (1:1, 1:5, and 1:50) and added to 23 µL of H₂O. The mixture was combined 

with 50 µL of 6 nM AuNPs solution and 25 µL of PBS. The resulting samples were incubated 

and analyzed using a microplate reader (Ensight Multi-Mode Reader, PerkinElmer). 

Absorbance measurements were carried out in triplicate for each dilution. 

4.2.2.8 Atomic Force Microscopy (AFM) 

AFM analysis was performed following previously established protocols[24,25] . Briefly, 3 μL of 

the pooled SEC fractions 6,7,8 were spotted onto mica sheets (grade V-1, 0.15 mm thickness, 

15 × 15 mm) and allowed to dry at room temperature. Imaging was carried out using a Nanosurf 

NaioAFM instrument (Nanosurf AG) equipped with a Multi75-AI-G probe (Budget Sensors) 

in tapping mode. The images were acquired at a scan speed of 1 second per line. 

4.2.2.9 Nanoparticles Tracking Analysis (NTA) 

Pooled fractions (6, 7, 8, and 9, 10, 11) were characterized using NTA (NanoSight NS300; 

Malvern Panalytical Ltd., Malvern, UK) to evaluate EV size distribution and concentration. 

Before sample analysis, filtered PBS (0,22µm filtered) was analysed for particle contamination. 

For all the NTA analysis, pooled samples were diluted in fresh filtered PBS (1:50) in order to 
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obtain an optimal particles per frame (20-120 particles/frame). EVs were injected into the 

sample chamber using a Nanosight syringe pump (Malvern, Panalytical LTD, Malvern, UK) 

that provided a continuous flow (50 µl/min) using a 1 ml syringe at room temperature. 

Recordings of the movements of particles were collected for 60 seconds, 3 times for each 

sample with 5 as threshold. 

4.2.2.10 Raman and FTIR Analysis 

For Raman analysis, after ultracentrifugation of the single SEC fractions, fractions 6,7, and 8, 

and 9,10, and 11 were pooled, and 4 μL of each pool (6,7,8 – 9,10,11) was deposited onto a 

CaF₂ slide and allowed to dry at room temperature. Raman acquisition was performed using an 

Aramis Raman microscope (Horiba Jobin-Yvon, Palaiseau, France) equipped with a 532 nm 

laser, following the protocol for bulk EV characterization previously[26–28]. Instrument 

calibration was performed using the silicon reference peak at 520.7 cm⁻¹. A 50× objective 

(Olympus, Tokyo, Japan) was employed for all acquisitions, with an exposure time of 30 

seconds, two accumulations, a diffraction grating of 1800 grooves/mm, a 400 μm entrance slit, 

and a 600 μm hole. Spectra were collected using LabSpec6 software (Horiba Scientific) over 

the ranges 500–1800 cm⁻¹ and 2700–3200 cm⁻¹, with spectral resolution of 0.8 cm⁻¹/step. For 

each sample, approximately 15/20 spectra were acquired per drop in a coffee ring. All spectra 

were baseline-corrected using a polynomial fit aligned to the reference peaks at 1001 cm⁻¹ by 

LabSpec6. Finally, spectra were normalized using unit vector normalization to reduce the 

effects of autofluorescence and background signals by OriginPro2024b (OriginLab, 

Northampton, MA, USA). 

FTIR measurements were performed with a Cary 630 spectrometer (Agilent) operating in 

transmission mode. An Attenuated Total Reflectance (ATR) diamond accessory was used to 

analyse 3 μL of the pooled fractions 6,7,8 and 9,10,11 dried under nitrogen. All spectra were 

acquired in triplicate in the range of 4000–400 cm⁻¹, with 32 scans per measurement. All spectra 

were baseline-corrected using a manual tool in OriginPro2024b and normalized by unit vector 

normalization. 

4.2.2.11 Statistical Analysis 

Raman and FTIR spectra analysed by descriptive and multivariate analysis, as Principal 

Component Analysis (PCA) and Linear Discriminant Analysis (LDA), using OringPro2024b. 

The Mann-Whitney non-parametric test and the ANOVA One-Way test were used for NTA 

analysis. 
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4.2.3 Results and Discussion 

4.2.3.1 Plasma-derived EV separation and characterization 

EVs were successfully separated from human plasma samples from ICU AW+S patients, 

SEPSIS patients, and HC subjects using the optimized SEC protocol described in the Materials 

and Methods section. Seventeen fractions, each of 400 µl, were collected, and the total protein 

quantification by BCA assay was subsequently performed. Results confirmed a gradual 

increase in protein concentration across the fractions, consistent with the expected enrichment 

of soluble plasma proteins and lipoproteins, leading to higher concentrations in the later 

fractions (Fig. 1A). 

The characterization of the SEC fractions was conducted in accordance with the MISEV2023 

guidelines[20] . WB analysis was conducted from 1 to 17 fractions, and 30 µg of total plasma 

was used as a positive control. As shown in Figure 1B, WB revealed that the expression of the 

tetraspanin CD63 started to be expressed from SEC fraction 6. Although the intensity of the 

CD63 increased in the subsequent fractions, particularly in the later ones, the lipoprotein marker 

APOA1 showed an even stronger signal, suggesting partial co-isolation of lipoproteins together 

with EVs. This is due to the size-based method of SEC, in which smaller lipoproteins, 

particularly high-density lipoproteins (HDL), share a similar size range with EVs and may have 

been co-isolated during the separation process [29,30]. In fractions 6,7,8, despite the weak CD63 

signal, the concomitant reduction in APOA1 intensity indicated a higher degree of EV purity. 

On the other hand, fractions 9,10,11 showed a stronger CD63 band, but also an increase of 

APOA1 signal, reflecting reduced purity. Later fractions were not further considered, as BCA 

quantification indicated a high protein content, suggesting an accumulation of soluble 

contaminants. 
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Figure 1. Protein quantification and biochemical characterization of SEC fractions. A) BCA 

assay of SEC fractions from 1 to 17. Protein content is negligible across fractions 1-10, 

indicating minimal co-isolation of soluble proteins. An increase in protein concentration is 

observed from fraction 11 to 17, consistent with the elution of plasma proteins in later SEC 

fractions; B) WB analysis of fractions from 1 to 17. Thirty μg of total plasma (PL) was used as 
a positive control. Equal volumes of each fraction were loaded and inserted on a 12% 

acrylamide/bis-acrylamide SDS-PAGE gel. Membranes were probed for CD63 (EV marker) 

and APOA1 (lipoprotein marker) to assess the distribution of EVs and lipoprotein components 

across the SEC fractions. 

[22,23] To confirm these data, the CONAN assay was performed on representative fractions (7, 

10, 15, 17) to better assess purity. All analyzed fractions were tested at three dilutions (1:1, 1:5, 

and 1:50) to achieve an optimal balance between EVs and AuNPs. Indeed, the CONAN assay 

relies on the optical and colloidal properties of AuNPs: in pure samples (EVs are not 

contaminated by soluble proteins), AuNPs aggregate on the EV membrane, resulting in a shift 

in the AuNP plasmon peak and a visible color change from red to blue. Conversely, in the 

presence of protein contamination, neither color change nor plasmon peak shift is observed. A 

protein concentration of 0,05 µg/μL (red dashed line in figure 2) was used as a cut-off[22] , which 

is equal to an aggregation index (AI) of 20%. Samples exceeding this threshold were considered 

impure. 

Fraction 7 already had an AI below 20% (AI% = 15.66), indicating it was free of protein 

contaminants. Furthermore, subsequent dilutions showed an increased aggregation index, likely 

because the reduced number of EVs in the sample led to a weaker aggregation response of the 

AuNPs. However, in fractions 10, 15, and 17, a slight increase in the aggregation index was 

observed even at the 1:1 dilution, indicating a gradual increase in protein contamination, 

consistent with the BCA assay and Western blot results. Furthermore, the limited increase in 

the aggregation index can be explained by the presence of lipoproteins, which interact with 

AuNPs in a manner similar to EVs and are therefore not fully recognized as contaminants by 

the assay (Fig. 2). 
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Figure 2. CONAN assay to assess the purity of SEC fractions. Aggregation Index (AI%) values 

obtained from CONAN analysis of selected SEC fractions (7, 10, 15, 17) at serial dilutions (1:1, 

1:5, and 1:50). The red dotted line indicates the assay threshold for detecting exogenous protein 

contaminants (AI% < 20%, corresponding to ≤ 0.05 µg/µL soluble protein). Lower AI% values 
reflect higher sample purity. Fractions 7 displayed AI% below the threshold, confirming 

minimal contamination, whereas later fractions showed progressively higher AI%, in line with 

their increased soluble protein content. Values are reported as mean ± standard deviation. The 

Norm. Ref. corresponds to monodisperse AuNPs in water, while the internal Ref. represents the 

internal assay control containing no sample. 

For further analysis, we performed ultracentrifugation at 100,000 × g for 2 hours to concentrate 

and then pool the 6, 7, and 8 SEC fractions. 

DB analysis was performed on the concentrated pooled fractions 6,7,8 and on the concentrated 

single fraction 13, 15, and 17 to evaluate the presence of both EVs and lipoproteins. As shown 

in Figure 3A, CD63 and APOA1 signals in the pooled fractions were approximately equivalent, 

suggesting a roughly 50:50 distribution between EVs and lipoproteins. In the individual 

fractions 13, 15, and 17, both signals increased, indicating a gradual enrichment of EVs and co-

isolated lipoproteins. 

The presence of spherical nanoparticles in the concentrated pooled fractions 6,7,8 was also 

confirmed by AFM imaging, which revealed nanostructures with characteristic size and 

morphology (Figure 3B) that are indistinguishable from EVs and lipoproteins. These 

observations are in line with the previous results, indicating that the pool contained a mixture 

of EVs and lipoproteins. 
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Figure 

3. A) 

DB 

and 

AFM 

characterization of pooled and single SEC fractions. DB analysis was performed on 3 µg of 

protein from pooled EV-enriched fractions (6,7,8) and from single later fractions (13, 15, 17). 

Membranes were probed with CD63 antibody for EV marker and APOA1 antibody for 

lipoprotein marker. Both markers were detectable across fractions, indicating the co-isolation 

of EVs and lipoproteins. 

B) Representative AFM images of pooled fractions 6,7,8. Samples show spherical nanoobjects 

with size and morphology consistent with EVs, although lipoprotein-like structures cannot be 

fully excluded. 
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Given the results obtained from BCA assay, WB, CONAN assay, DB and AFM we decided to 

continue the analyses by pooling fractions 6,7,8 as purest but less concentrated EV population, 

and fractions 9,10,11 as higher EVs but also with a high lipoprotein co-isolation (Fig. 4A). 

However, NTA analysis revealed a higher particle concentration in the 6,7,8 pool compared to 

9,10,11 pool (Fig. 4B). This observation may be explained by the presence of smaller 

lipoproteins in the 9,10,11 fractions, whose signal is probably underestimated due to the 

instrument’s detection limit. 

Figure 4. A) Schematic representation of the collection fractions. Fractions 1-5 correspond to 

the void volume containing buffer as indicated on manufacture instruction, while EV-

containing fractions start from fraction 6. Fractions 6,7,8 and 9,10,11 were individually 

concentrated by ultracentrifugation (100,000 × g, 2 h, 4°C) and then pooled as indicated for 

further analysis. 

B) NTA of the pooled fractions shows a higher particle concentration in fractions 6,7,8 

compared to 9,10,11. Data are presented as box plots showing the interquartile range (25– 
75%), median, and mean (×). Statistical significance was determined using the Mann–Whitney 

test, as the distributions did not meet normality assumptions. Values: ****p ≤ 0.0001. 

In conclusion, this characterization confirms the presence of EVs in the analyzed fractions, with 

varying degrees of purity depending on lipoprotein contamination and the specific pool 

considered. Fractions 6,7,8 represent a purer EV population with lower lipoprotein content with 

respect to fractions 9,10,11 as demonstrated by WB, BCA, and CONAN assay. These findings 

highlight the balance between EV purity and yield and provide a basis for selecting the most 

appropriate fraction pool for the following analyses. 
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4.2.3.2 NTA Analysis between ICU AW+S, SEPSIS, and HC Groups 

Concentrated and pooled EV samples (6,7,8) were analysed by NTA to evaluate EV 

concentration and size distribution. All samples were diluted 1:50 prior to acquisition to obtain 

measurements within the instrument's optimal range. For each group, three 60-second captures 

were acquired, and the resulting values were subjected to One-Way ANOVA to assess potential 

differences among ICU AW+S, SEPSIS, and HC. 

NTA revealed a higher and statistically significant EV concentration in the ICU AW+S group 

compared with both SEPSIS and HC (Fig. 6A). This enrichment in circulating EVs may reflect 

the systemic stress and accelerated cellular turnover that characterise ICU AW+S. Critically ill 

patients with muscle atrophy present an enhanced inflammatory activation, mitochondrial 

dysfunction, and elevated catabolic signalling, which can increase the release of EVs from 

different types of cells[1,2,31] . This major EV concentration in ICU AW+S patients respect to 

patients with only sepsis also could represent an intensified cellular stress, tissue remodelling, 

or intensified metabolic dysregulation linked to muscle atrophy that septic patients do not 

present. 

In contrast, no significant differences were observed in mean EV size across the three 

experimental groups (Fig.6B). This is consistent with the use of the SEC method to separate 

EV, which is a technique based on size-separation within a narrow range, minimising variability 

associated with EV diameter. The stability of size distributions also suggests that the observed 

differences in concentration are not related to artefacts caused by aggregation or fragmentation 

during processing. 
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Figure 5. Nanoparticle Tracking Analysis (NTA) of pooled EV fractions (6,7,8). A) 

Concentration measured by NTA shows a significant difference among the three experimental 

groups. One-way ANOVA revealed a statistically higher EV concentration in ICU AW+S 

patients compared with both HC (p value < 0,0001) and SEPSIS subjects (p value = 0,00296); 

B) Mean particle size did not differ significantly between the three experimental groups. Data 

are reported as mean ± SEM. Values: ****p ≤ 0,0001; **p ≤ 0,01. 

4.2.3.3 Raman Spectroscopy and FTIR Analysis for distinguishing ICU AW+S from SEPSIS 

and HC subjects 

Based on the results of the standard characterization, the RS analyses were performed on EV 

from ICU AW+S (n=9), SEPSIS (n=5), and HC (n=7) subjects using the pooled fractions 6,7,8, 

which were identified as the most EV-enriched. 

For RS analysis, fractions were concentrated by ultracentrifugation at 100,000 × g for 2 h and 

resuspended in 60 μL of H2O HPLC. For RS, 4 μL of freshly EV from each group under analysis 

were deposited onto CaF₂ slide and allowed to dry at room temperature. Approximately 15-20 

spectra were acquired per drop, taking advantage of the concentration of molecules in the coffee 

ring region. Raman spectra were acquired in the spectral ranges 500-1800 cm −1 and 2700-3200 

cm −1 using a 532 nm laser. Spectral pre-processing was performed using LabSpec6 and 

OriginPro2024b, including despiking to remove cosmic rays. Spectral alignment was 

performed to the related phenylalanine peak (1006 cm⁻¹), which is always present in biological 

samples, and a univariate vector normalization was applied to correct for intensity spectral 

variations. Then, the mean spectra (±1 standard deviation) were generated for the three 

experimental groups. As shown in fig. 7A,B, C, all average spectra present a good signal-to-

noise ratio and highlight the methodological reproducibility across samples. 
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Figure 6. Mean Raman spectra of A) HC (blue), B) ICU AW+S (red), and C) SEPSIS (green) 

samples obtained using 532 nm laser and 30 seconds of exposure for 2 accumulations for each 

spectrum. The lines indicate the average spectra of each group ± 1 standard deviation. 

To better highlight spectral differences among the three experimental groups, the average 

Raman spectra of ICU AW+S, SEPSIS, and HC were overlapped (Fig. 8A). Clear differences 

are evident in the SEPSIS spectrum, likely reflecting the strong influence of bacterial 

components and associated inflammatory processes. In particular, the 956 cm⁻¹ peak is assigned 

to carotenoids. As previously reported by Movasaghi and collaborators[32] , this peak is typically 

not present in spectra from healthy tissues. Its presence in SEPSIS and ICU AW+S spectra, but 

not in HC spectra, may indicate an altered redox state and increased oxidative stress, both 

known hallmarks of sepsis and systemic inflammation (Fig. 8B). 

Moreover, the amide I band (around 1660 cm⁻¹) showed differences in shape and intensity 

across all three groups, suggesting differences in protein composition and folding patterns 

between HC, SEPSIS, and ICU AW+S. Notably, as shown in Figure 8C, the shape of the amide 

I peak is much more similar between ICU AW+S and SEPSIS patients than between ICU 

AW+S and HC patients. Furthermore, changes in the ester group region in the ICU AW+S and 

SEPSIS spectra further reinforce the idea of modifications in membrane lipid ester bonds, 
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possibly reflecting oxidative degradation or remodelling of lipid components under septic and 

catabolic conditions (Fig. 8C). 

Figure 7. A) Overlaid mean Raman spectra of the three experimental groups, showing overall 

spectral differences; B) Zoom of the carotenoid peak[32] (orange) shows an increase of the 

intensity in SEPSIS and ICU AW+S samples compared with HC; C) Zoom of the Amide I band 

(blue) displays differences at the peak shape in all of the experimental groups and at the lipid 

ester peak (yellow)[32] , where changes in band intensity and profile reflect distinct lipid 

compositions among HC, ICU AW+S, and SEPSIS samples. 

These results support the potential of RS to reveal disease-specific molecular fingerprints that 

reflect underlying metabolic and structural changes in EVs, but it is important to note that RS 

is a vibrational technique in which each peak corresponds to a specific chemical bond. 

However, the complex molecular composition of biological samples makes it challenging to 

assign spectral variations to a specific molecule. The overlapping contributions of different 

bonds result in composite spectra that are difficult to understand. For this reason, multivariate 

statistical analysis plays a crucial role in the interpretation of Raman data. By reducing data 

dimensionality and emphasizing the main sources of spectral variance, these approaches allow 
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the identification of differences between experimental groups, thereby enhancing the diagnostic 

and interpretative power of vibrational spectroscopy. 

For this reason, multivariate analysis, PCA followed by LDA, was applied to classify ICU 

AW+S, SEPSIS, and HC subjects based on their Raman fingerprints. The PCA-LDA model 

demonstrated a statistically significant separation among the three experimental groups with a 

classification accuracy of 83.47% (Fig. 9). 

Figure 8. Score plot where each point represents an individual Raman spectrum: ICU-AW+S 

(red), SEPSIS (green), and HC (blue). The graph shows the first two canonical variables (CV1 

and CV2), showing a clear separation among the three groups. 

For FTIR, 3 µl of pooled freshly EVs (6,7,8) were spotted on a diamond ATR crystal and dried 

under nitrogen. Spectra were acquired in triplicate; the raw data were subsequently normalized 

using unit vector normalization, and the baseline was determined using a manual tool in 

OriginPro2024b. The figures 10A, 10B, and 10C show the mean FTIR spectra (±1 standard 

deviation) of the HC, ICU AW+S, and SEPSIS, respectively, with a good signal-to-noise ratio 

that suggests the methodological reproducibility of the method. Moreover, the overlaid spectra 

allowing a direct comparison among the three experimental groups (Fig. 10D). Notably, in the 

nucleic acid region (approximately 1070–1080 cm⁻¹ band, indicated by the arrow in the figure 

10D)[33], a clear difference in spectral shape emerges. Indeed, both SEPSIS and ICU AW+S 

samples exhibit characteristic peak splitting, suggesting alterations in nucleic acid–related 

vibrational modes compared to HC. 
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Figure 9. Mean FTIR spectra of A) HC (blue), B) ICU AW+S (red), and C) SEPSIS (green) 

samples. The lines indicate the average spectra of each group ± 1 standard deviation; D) 

Overlaid mean FTIR spectra of the three experimental groups, showing overall spectral 

differences. The arrow indicates the main visible difference at the nucleic acids band[33]. 

Moreover, PCA analysis was also performed on the FTIR spectra. As shown in Figure 11, the 

PCA does not fully discriminate the three experimental groups. Indeed, the clusters exhibit 

partial overlap, indicating that the variance captured by the first PCs is insufficient for clear 

separation. Nonetheless, each group follows its own trajectory in multivariate space, suggesting 

the presence of specific spectral patterns that are not yet strongly expressed due to the limited 

sample size. With a larger cohort, the separation would become more pronounced, enabling the 

application of a supervised model, such as PCA-LDA, to FTIR data as well. 
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Figure 10. PCA of the spectral data from HC, ICU AW+S, and SEPSIS samples. PC1 and PC2 

account for 25.7% and 13.0% of the total variance, respectively, highlighting the main patterns 

of variation among the samples. 

4.2.3.4 Combining Results of Raman and FTIR Spectroscopy 

Due to different physical principles, Raman and FTIR spectroscopy can detect distinct yet 

complementary biochemical features. For this reason, subtraction spectra were generated from 

the mean EV spectrum of ICU AW+S and SEPSIS to enhance the group-specific spectral 

changes. This approach highlights spectral regions where one group shows higher signal 

intensity than the other. 

As shown in Figure 12A, in the Raman subtraction spectrum (ICU AW+S minus SEPSIS), the 

most prominent differences are in the lipid-associated region, particularly at 2850 cm⁻¹ (CH₂ 

symmetric stretch of fatty acids and membrane lipids) and 2887 cm⁻¹ (CH₂ asymmetric stretch 

of lipids, with contributions from protein CH stretching also). Although the 2887 cm⁻¹ vibration 

can derive from mixed lipid–protein environments, the absence of ICU AW+S-specific 

signatures in the amide I and amide III regions suggests that these differences most probably 

originate from lipid alterations rather than significant changes in protein backbone 

composition[32] . Overall, these results demonstrated a lipid-associated biochemical shift in the 

EV spectrum from ICU AW+S patients compared with SEPSIS patients, supporting an altered 

lipid metabolism. 
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Furthermore, the FTIR subtraction (ICU AW+S minus SEPSIS) spectrum was performed (Fig. 

12B). In this case, results reveal that the most differences were in regions associated with 

nucleic acids and protein vibrations. Indeed, the 893 cm⁻¹ peak (C–C and C–O stretching of 

deoxyribose) and protein-related peaks at 1005 cm⁻¹ (phenylalanine) and 1162 cm⁻¹ (C–OH 

stretching modes of serine, threonine, and tyrosine residues), were present as positive detection 

(above the line in the subtraction spectrum), suggesting stress-related or damage-associated 

biochemical remodelling[33]. 

Figure 11. Raman e FTIR subtraction EV spectra between ICU AW+S and SEPSIS to highlight 

the main spectral differences. A) In ICU AW+S Raman subtraction EV spectrum, the 

distinguishing peaks are located in the lipid-associated region (highlighted in yellow); B) In 

ICU AW+S FTIR subtraction EV spectrum the distinguishing peaks correspond to regions 

associated with nucleic acids (highlighted in red) and proteins (highlighted in blue). 

This complementary vibrational information illustrates that Raman and FTIR spectroscopy 

capture distinct molecular characteristics of ICU AW+S. Firstly, RS showed differences in lipid 

composition, whereas FTIR highlighted alterations in nucleic acids and protein moieties. 

Therefore, integrating information from both techniques provides a more comprehensive 

biochemical understanding of ICU AW+S, underlining the potential of vibrational spectroscopy 

in order to use the EV fingerprint as a future biomarker for ICU AW+S. 
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4.2.4 Conclusion and Future Perspectives 

In this part of my PhD thesis, I explored plasma-derived EVs from ICU AW+S, SEPSIS, and 

HC subjects using SEC as a separation method. Standard characterization and vibrational 

spectroscopies were employed to study biochemical, morphological, and biophysical properties 

of EVs. SEC were able to enrich EVs, although the lipoprotein co-isolation, and the pooled and 

concentrated SEC fractions 6,7,8 were identified as the most suitable for further analyses. 

Indeed, the method utilized as standard characterization demonstrated a successful EV present. 

Furthermore, NTA identified differences in EV concentration in ICU AW+S patients compared 

with SEPSIS and HC subjects. This result is in line with the most recent literature on ICU 

AW[1,2,31] . 

Raman and FTIR spectroscopy further demonstrated that ICU AW+S is characterised by 

distinct spectral alterations in lipids, nucleic acids, carotenoids, and proteins, supporting the 

hypothesis that EV vibrational fingerprints may serve as a potential new biomarker of ICU 

AW+S. 

Taken together, these results indicate that plasma-derived EVs reflect the systemic metabolic 

and inflammatory abnormalities in ICU AW+S, and that vibrational spectroscopy is a promising 

analytical tool for uncovering disease-specific EV signatures. However, the reduced sample 

size needed validation in larger cohorts to ensure statistical robustness and improve the PCA-

LDA model. 

Future studies should integrate vibrational spectroscopy with orthogonal molecular techniques 

to better understand spectral differences. For example, Nuclear Magnetic Resonance (NMR) 

spectroscopy is a valuable tool for identifying specific metabolites and lipid species that 

contribute to differences in Raman and FTIR spectra. Once candidate molecules are identified 

by NMR, their validation can be performed using ultra-sensitive immunoassays such as SiMoA 

(Single Molecule Array), a technology that enables the detection of proteins at femtomolar 

concentrations by measuring enzymatic signals at the single-molecule level. This approach 

would enable linking vibrational signatures to defined biochemical entities.  

In summary, expanding the sample size and integrating analytical platforms such as NMR and 

SiMoA techniques will be essential to better understand the EV molecular fingerprint of ICU 

AW+S, elucidating the biochemical pathways involved, and ultimately strengthening the 

translational potential of EV-based vibrational spectroscopy in precision medicine for ICU 

AW+S diagnosis. 

115 



 
 

 

 

 

  

 

   

   

  

   

   

       

   

 

 

 

  

   

   

 

   

 

   

   

 

   

 

     

  

 

  

    

   

 

  

 

  

 

   

 

 

 

Moreover, the introduction of artificial intelligence and machine learning models could 

facilitate data interpretation and simplify instrument operation, enabling the potential 

translation of this technique to portable devices for bedside use. 
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4.3.1 Introduction 

Chronic myeloid leukemia (CML) is a myeloproliferative neoplasm that occurs from an 

acquired genetic alteration in the hematopoietic stem cell compartment, with an incidence of 

1–2 cases per 100,000 adults, representing approximately 15% of adult leukemias1. The disease 

is caused by the balanced translocation t(9;22)(q34;q11.2), which generates the BCR::ABL1 

fusion gene encoding a constitutively active tyrosine kinase that causes uncontrolled myeloid 

proliferation1,2 . Thanks to advances in molecular biology and increasingly refined therapeutic 

strategies, CML now presents an excellent prognosis, with life expectancy approaching that of 

the general population3. 

Indeed, the introduction of tyrosine kinase inhibitors (TKI) revolutionized the management of 

CML. For example, Imatinib was the first BCR::ABL1-selective inhibitor that transformed 

CML from a fatal leukemia into a chronic condition3,4 . However, resistance and intolerance to 

Imatinib5 led to the development of second-generation TKI, including Dasatinib6, Nilotinib7, 

and Bosutinib8, which induce faster and deeper molecular responses9. For patients presenting 

resistant mutations such as T315I, the third-generation inhibitor Ponatinib remains an essential 

therapeutic resource10. Despite the success of TKI, several limitations persist: leukemic stem 

cells are not fully eradicated, therapy requires long-term adherence, and patients may have 

chronic toxicities and, consequently, impaired quality of life11. Treatment-free remission (TFR) 

represents the main therapeutic goal, but only a small group of patients achieve molecular 

12,13 responses sufficient for stopping the therapy in a safe way . For this reason, a non-invasive, 

sensitive biomarker is urgently needed to guide patient therapy by identifying molecular 

changes. 

Liquid biopsy approaches have generated increasing attention14, in particular with circulating 

analytes such as Extracellular Vesicles (EVs)15,16 . EVs are natural nanoparticles released by all 

cell types in both physiological and pathological conditions, supporting intercellular 

communication17. In hematological malignancies, including CML, EVs can transfer oncogenic 

proteins, RNA, and other bioactive molecules, contributing to disease progression, modulation 

18–22of the bone marrow niche, angiogenesis, and immune escape . Given their characteristic of 

mirroring the cell of origin, EVs represent a powerful new candidate as a biomarker for the non-

invasive monitoring of disease activity and therapeutic response 17. 

In parallel, vibrational spectroscopies such as Fourier-transform infrared (FTIR) spectroscopy 

are emerging as powerful analytical tools for biomedical applications23 for EV characterization 

also24,25 . The advantages of FTIR include its rapidity, label-free operation, and minimal 
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invasiveness as a tool for biochemical characterization of complex biological samples26. Indeed, 

FTIR captures the absorption of infrared radiation associated with specific functional groups. 

Its sensitivity to identify biochemical variations makes it particularly suitable for capturing 

disease-related fingerprints and potentially assessing treatment-induced molecular changes27. 

Moreover, integrating spectroscopic data with multivariate statistical approaches has been 

shown to enhance diagnostic power and classification performance in the context of liquid 

biopsy28. When applied to EVs, these spectroscopic methods offer a unique opportunity to 

probe their molecular composition without requiring extensive purification or large sample 

volumes overcoming some of the limitations related to the translation of EVs into the clinical 

field29. One example was reported by Tânia Soares Martins and collaborators, who studied 

plasma- and serum-derived EVs from patients with Alzheimer’s disease (AD) using FTIR 

spectroscopy. These analyses revealed biochemical alterations across distinct spectral regions, 

including carbohydrates, nucleic acids, proteins, and lipids. In particular, the discrimination 

between AD and healthy controls (HC) was found within the 1200-900 cm⁻¹ interval and the 

Amide I band by processing the peak through the calculation of the second derivative. Results 

highlighted the metabolic dysfunction, nucleic acid degradation, and protein aggregation 

typical of AD pathology, supporting their use as minimally invasive tools for early diagnosis 

and clinical monitoring30. 

For this reason, the aim of this study is to investigate the biochemical profiles of plasma-derived 

EVs from CML patients under different TKI treatments by using FTIR spectroscopy combined 

with multivariate analysis. By characterizing the therapy-associated EV fingerprint, this work 

seeks to evaluate FTIR's potential as a complementary tool for disease monitoring and treatment 

stratification in CML. 

4.3.2 Methods and Materials 

4.3.2.1 Subject Recruitment and Sample Collection 

Plasma samples were obtained from patients diagnosed with CML who were undergoing 

treatment with TKI or were in TFR. In detail, a total of 64 patients were enrolled, with a median 

age of 57 years (range 30-89), including 40 male patients (62.5%) and 24 female patients 

(37.5%). Regarding therapy, 14 patients (22%) were undergoing treatment with Imatinib, 11 

patients (17%) with Dasatinib, 15 patients (23%) with Nilotinib, 5 patients (8%) with Ponatinib, 

7 patients (11%) with Bosutinib, and 12 patients (19%) were in TFR. The study adhered to the 

principles of the Declaration of Helsinki and received approval from the Ethics Committee. 
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Written informed consent was obtained from all participants. Finally, all samples were 

anonymized prior to processing. 

Briefly, 10 mL of peripheral blood was collected in EDTA tubes and centrifuged at 2,000 rpm 

for 10 minutes to obtain plasma. Aliquots of 1.5 mL were transferred into sterile microtubes 

and stored at −20°C until EVs analysis. 

4.3.2.2 EV Separation 

EVs were separated using the Plasma/Serum Exosome Purification and RNA Isolation Mini Kit 

(Norgen Biotek, #58300), following the manufacturer’s protocol and adapting it as needed. 

Plasma was centrifuged (2,000 rpm, 2 minutes) to remove debris. For each sample, 1.5 mL of 

plasma was diluted with 3 mL of nuclease-free water, then mixed with 100 µL of ExoC Buffer 

and 200 µL of Slurry E. The mix was vortexed and incubated at room temperature for 5 minutes. 

Then, another centrifugation at 2,000 rpm for 2 minutes was performed, and the pellet was 

resuspended in 200 µl of ExoR Buffer and incubated for 5 minutes. The mix was centrifuged 

at 500 rpm for 2 minutes, then the supernatant was passed through a Mini Filter Spin Column 

and centrifuged at 6000 rmp for 1 minute. The final eluates containing 200 µl of EVs were split 

into two aliquots (each from 100 µl) and stored at −20°C. 

4.3.2.4 Bradford assay 

Total plasma and EV protein concentration was determined using the Bradford assay (BioRad), 

following the manufacturer’s instructions. All measurements were performed in triplicate, and 

protein concentrations were calculated using a Bovine Serum Albumin (BSA) standard curve. 

4.3.2.5 SDS-PAGE and Western Blot (WB) 

SDS–PAGE and WB were performed according to standard protocols31. EVs and total plasma 

samples were mixed with Sample Buffer 2X (80 mm Tris, pH 6.8, 2% SDS, 7.5% glycerol, 

0.01% bromophenol blue, 2% 2-mercaptoethanol), heated at 95°C for 5 min, sonicated for 20 

seconds with 60% of power, and subsequently resolved by SDS-PAGE. A total of 30 µg of 

proteins from both plasma and EVs (measured by Bradford assay) were loaded onto 12.5% 

acrylamide–bisacrylamide gels. For WB analysis, mouse anti-Flotillin-1 (FLOT-1) and mouse 

anti-CD63 primary antibodies were used as EV markers32, while anti-Apolipoprotein A1 

(ApoA1) primary antibody was employed to evaluate potential contamination by high-density 

lipoproteins (HDL). Proteins were transferred onto polyvinylidene difluoride (PVDF) 

membranes. Detection was performed using appropriate HRP-conjugated secondary antibodies 

and a chemiluminescent substrate. 
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4.3.4.6 COlorimetric NANoplasmonic (CONAN) Assay 

EVs were assessed for purity32 and potential contaminants using the CONAN assay, a method 

based on the clustering of gold nanoparticles (AuNPs) onto lipid membranes, as previously 

described by Maiolo et al33. The assay was performed according to the published protocol34. 

Briefly, 2 µL of EVs were added to 23 µL of H₂O, then combined with 50 µL of a 6 nM AuNPs 

solution and 25 µL of PBS. The resulting samples were incubated and analyzed using a 

microplate reader (Ensight Multi-Mode Reader, PerkinElmer). Absorbance measurements were 

carried out in triplicate for each dilution. 

4.3.4.7 Atomic Force Microscopy (AFM) 

35,36 AFM analysis was performed following previously established protocols . Briefly, 3 μL of 

EVs were spotted onto mica sheets (grade V-1, 0.15 mm thickness, 15 × 15 mm) and allowed 

to dry at room temperature. Imaging was carried out using a Nanosurf NaioAFM instrument 

(Nanosurf AG) equipped with a Multi75-AI-G probe (Budget Sensors) in tapping mode. The 

images were acquired at a scan speed of 1 second per line. 

4.3.4.8 FTIR Spectroscopy 

FTIR spectroscopy was used to obtain the EV molecular fingerprints using a Cary 630 

spectrometer (Agilent) operating in transmission mode, and an Attenuated Total Reflectance 

(ATR) diamond accessory was used. EV spectra were acquired in triplicate in the range of 

4000–400 cm⁻¹, and 32 scans per measurement were performed in absorbance mode. Then, 

post-processing, including normalization of FTIR spectra, was done using OriginPro2024b. 

4.3.4.9 Statistical Analysis 

FTIR spectra were analyzed by descriptive and multivariate analysis, as Principal Component 

Analysis (PCA) and Linear Discriminant Analysis (LDA), using OringPro2024b. 

4.3.5 Results and Discussion 

4.3.5.1 Plasma-derived EV separation and characterization 

Plasma-derived EV from both patients receiving TKI therapy and patients in TFR were obtained 

using Plasma/Serum Exosome Purification and RNA Isolation Mini Kit (Norgen Biotek, 

#58300) and subsequently characterized according to MISEV2023 guidelines32. 

Biochemical analysis by WB confirmed the successful enrichment of EVs, as indicated by the 

presence of EV markers CD63 and Flotillin-1 in 4 EV samples (36, 17, 104, and 62), as shown 
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in Figure 1A. Despite that, the presence of APOA1 revealed the co-isolation of HDL particles 

(Fig. 1A). The co-isolation with lipoprotein was expected since small EVs have a range of 

dimensions that corresponds to the size of HDL. Furthermore, a recent work has highlighted 

that EVs do not circulate as isolated entities once released into biological fluids37. Instead, they 

rapidly acquire a biomolecular corona, a dynamic layer of proteins, lipids, and other 

macromolecules that adsorb onto their surface. This nanoscale phenomenon reflects the 

interaction between the EV membrane and the molecular composition of the surrounding 

environment. In plasma, where lipoproteins are abundant and share similar biophysical 

properties with small EVs, components such as HDL can associate with EV membranes and 

become part of this corona. As a result, EV preparations may contain lipoprotein-derived 

signals not only due to co-isolation during size-based separation, but also because lipoproteins 

bind to the EV surface and contribute to their biological identity38. 

To assess the EV purity, the CONAN assay was performed. EVs were tested at two dilutions 

(1:1, 1:10) to achieve an optimal balance between EVs and AuNPs. CONAN assay 

demonstrated low levels of soluble protein contaminants. Indeed, all preparations displayed 

Aggregation Index (AI%) values below the 20% threshold (corresponding to ≤ 0.05 µg/µL 

soluble protein) at 1:1 dilution. These results indicate that EV samples were largely free from 

exogenous protein aggregates (Fig. 1B). 

The morphological characterization and size of EVs were performed by AFM. EVs appeared 

as spherical objects with diameters ranging from tens to hundreds of nanometres, consistent 

with the expected dimensions of EV populations (Fig. 1C). Collectively, these results confirm 

that we obtained EV-enriched samples, accompanied by a minor presence of lipoprotein. 
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Figure 1. Characterization of plasma-derived EVs. A) Biochemical characterization by WB. 

Whole plasma and EVs (30µg) were assessed for the presence of EV markers CD63 and FLOT-

1, and for APOA1 as a marker of lipoproteins; B) Evaluation of soluble protein contaminants 

using the CONAN assay. The graph represents AI% values for two dilutions (1:1 and 1:10) of 

a representative sample. The Intern. Ref. represents the internal assay control containing no 

sample.; C) Representative AFM images showing the morphology and topographical profile of 

EVs isolated from plasma (sample diluted 1:10), highlighting spherical nanoscale structures 

consistent with EVs. 

4.3.5.2 FTIR Analysis 

FTIR analyses were performed on EV from patients with different TKI therapies (Dasatinib, 

Imatinib, Nilotinib, Ponatinib, and Bosutinib) and patients with TFR. 3 µL of the EV sample 

was spotted onto a diamond ATR crystal and dried under nitrogen. Spectra were acquired in 

triplicate, and the raw data were subsequently normalized using the unit vector normalization 

by OriginPro2024b. The resulting spectra exhibited clear shapes and minimal background noise 

as seen from the mean spectrum (±1 standard deviation) in figures 2A,B,C,D,E,F. 
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Figure 2. Mean spectra of the six experimental groups. A) Mean spectrum of patients with 

Dasatinib (DASA) (±1 standard deviation); B) Mean spectrum of patients with Imatinib (IMA) 

(±1 standard deviation); C) Mean spectrum of patients with Nilotinib (NILO) (±1 standard 

deviation); D) Mean spectrum of patients with Ponatinib (PONA) (±1 standard deviation) E) 

Mean spectrum of patients with Bosutinib (BOSU) (±1 standard deviation); F) Mean spectrum 

of patients with TFR (±1 standard deviation). 

To better highlight differences between the experimental groups, all the mean spectra were 

overlapped. As shown in Figure 3A, although the variations were not immediately apparent, 

the spectra encompassed signals from the major EV biomolecular components, including 

proteins, lipids, nucleic acids, and carbohydrates. Prominent features included the Amide I 

125 



 
 

       

 

     

  

 

  

   

   

   

 

  

     

    

   

  

  

  

     

     

   

  

 

  

    

   

  

  

   

    

    

 

  

(~1650 cm⁻¹) and Amide II (~1540 cm⁻¹) bands, indicative of protein secondary structures, as 

well as the CH₂/CH₃ stretching region (2850–2950 cm⁻¹), associated with membrane lipids. 

Furthermore, a bond at 1738 cm-1 is related to C=O stretching of lipid content, in particular in 

biological samples, to indicate certain phospholipids. Additional contributions were detected 

between 1000 and 1200 cm⁻¹, a region typically assigned to carbohydrates and phosphate-

containing species. 

Particularly, subtle variations in peak intensity were detectable in specific spectral regions, for 

example, within the Amide I and Amide II bands (~1650 and ~1540 cm⁻¹) and in the lipid-

associated CH₂/CH₃ stretching region (2850–2950 cm⁻¹)39,40 . These localized changes may 

reflect treatment-dependent shifts in the protein and lipid composition of EVs. These 

differences could suggest that the EV biochemical profile may be influenced by the particular 

TKI administered, serving as an indicator of disease status or therapeutic response. 

Because FTIR spectra are derived from different molecules present in the sample under 

analysis, the relevant differences between samples are not immediately visible in the spectrum. 

To overcome this problem, the multivariate analysis was applied. In this way, it was possible 

to reduce the data that captures the main sources of biochemical variance. Indeed, algorithms 

can isolate combinations of spectral features that best differentiate the experimental groups. 

Minimal shifts in peak intensity or shape are integrated into discriminative components that 

allow classification of patients with different types of treatment on their fingerprint. In 

particular, Principal Component Analysis (PCA) and Linear Discriminant Analysis (LDA) were 

used. The PCA-LDA model demonstrated that different patient groups, with distinct TKI or in 

TFR, presented distinct EV FTIR spectra biochemical fingerprints related to specific 

treatments, supporting predictive classification (Fig. 3B). 

Figure 3B illustrates the performance and limitations of the PCA-LDA model, showing the 

distribution of spectra from the different experimental groups (DASA, IMA, NILO, TFR, 

PONA, and BOSU). Each bar corresponds to one predicted group, while the colored band 

indicates the true group membership of the samples. 

Overall, some therapeutic groups exhibit clearer classification than others, whereas several 

classes show a degree of overlap that reflects the intrinsic biochemical similarity of their EV 

FTIR spectra. For example, samples from patients receiving Bosutinib (BOSU) tend to cluster 

predominantly within the BOSU-predicted bar, suggesting that their EV profiles exhibit 

distinctive features detectable by the model. In contrast, patients with Nilotinib (NILO) 

treatment showed substantial cross-assignments, indicating that their FTIR signatures are more 
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difficult to discriminate and may share overlapping biochemical characteristics that can reflect 

similarities in drug mechanism or downstream molecular effects. 

Taken together, EV FTIR spectra can distinguish biochemical information related to treatment, 

enabling partial but not complete discrimination between patients on TKI treatment and those 

in TFR. The observed misclassifications highlight the complexity of the dataset and the need 

for a larger cohort of patients. Nonetheless, the overall pattern indicates that multivariate 

chemometric approaches can indeed capture clinically relevant spectral trends associated with 

different therapeutic regimens, achieving an accuracy of 61% and good sensitivities and 

specificities in recognizing treatments, as described in Table 1. 

Table 1. The table reports the sensitivity and specificity (%) for each experimental group, 

calculated from a confusion matrix generated by the PCA-LDA model. 
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Figure 3. A) Overlapped spectra between the six experimental groups with arrows that indicate 

the specific chemical bond related to lipid, nucleic acids, carbohydrates, and proteins; B) 

Stacked bar plot illustrating the results of the PCA-LDA model performed on EV FTIR spectra. 

The x-axis represents the model-predicted groups (Dasatinib, Imatinib, Nilotinib, TFR, 

Ponatinib, and Bosutinib), while the y-axis shows the number of samples assigned to each 

group. Each bar is segmented and color-coded by the true group of the samples, supporting 

classification visualization. 
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4.3.6 Conclusion and Future Perspective 

In this study, we successfully separated and characterized plasma-derived EVs from patients 

with different TKI treatments and patients in TFR. Biochemical, morphological, and purity 

analysis confirmed the enrichment of EVs, with a contribution from co-isolated lipoproteins, 

consistent with their similar size in EVs32 and the formation of a biomolecular corona in 

plasma38. FTIR spectroscopy revealed distinct biochemical signatures associated with EV 

reflecting their protein, lipid, nucleic acid, and carbohydrate content. 

Multivariate analyses using a PCA-LDA classification model demonstrated that EV FTIR 

spectra can partially discriminate between patients receiving different TKI treatments and those 

in TFR. The partial misclassification observed underscores the complexity of EV biochemical 

heterogeneity and the influence of overlapping molecular features among treatments. Despite 

this, the PCA-LDA model achieved an overall classification accuracy of 61%, with variable 

sensitivity and specificity across treatment groups. 

These findings highlight the potential of EV FTIR profiling, combined with multivariate 

analysis, as a non-invasive approach to monitor treatment type in patients with CML. 

Future studies should expand patient cohorts to improve the robustness of predictive models. 

Integration of complementary omics approaches, such as proteomics and lipidomics, could 

enhance the resolution of EV biochemical fingerprints and provide mechanistic insights into 

treatment-specific effects41. Moreover, the implementation of artificial intelligence (AI) and 

machine learning (ML) tools could significantly optimize both data analysis and 

interpretation42. These approaches are particularly promising for non-expert users, as they can 

simplify the processing of EV FTIR spectra, automate characteristic extraction, and optimize 

classification models. By reducing the technical complexity of spectral acquisition and model 

implementation, AI/ML could facilitate the standardization and scalability of EV FTIR 

profiling. This advancement would support the future clinical translation of this technology for 

the non-invasive monitoring of therapeutic response in patients with TKI treatments or in TFR, 

ultimately enabling more accessible and accurate patient stratification based on EV-derived 

biochemical fingerprint. 

In summary, this work demonstrates the feasibility of using EV FTIR spectra as a minimally 

invasive tool to capture clinically relevant biochemical information, paving the way for future 

applications in patient stratification and therapy monitoring. 
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4.4 Circulating particles carotenoids are associated with rehabilitation recovery 

in Parkinson’s disease 

This chapter is related to the published study carried out at the Laboratory of Nanomedicine 

and Clinical Biophotonics (LABION): Alice Gualerzi, Martina Gerli, Aurora Mangolini, Silvia 

Picciolini, Francesca Rodà, Valentina Mangolini, Stefano Doronzio, Diego Longo, Giulio 

Cherubini, Cristina Polito, Chiara De Santis, Silvia Ramat, Francesca Cecchi, Gemma 

Lombardi, Marzia Bedoni (2025). The title of this work is: “Circulating particles carotenoids 

are associated with rehabilitation recovery in Parkinson’s disease,” published on Redox 

Biology with open access. 

DOI: https://doi.org/10.1016/j.redox.2025.103841 

The present work describes a study exploring the use of Raman Spectroscopy (RS) to identify 

biomarkers of neuroplasticity and brain remodelling in people with Parkinson's Disease 

(pwPD). The focus is on the beneficial effects of an intensive motor rehabilitation program, as 

detected by changes in EV-like particles. The work was conducted within the VIRTREAD-PD 

randomized clinical trial (ClinicalTrials.gov ID: NCT05902065), which compares an intensive 

treadmill training (TT) rehabilitative program with and without augmented virtual reality 

(AVR) in pwPD with gait disturbances. 

Serum samples were collected before (T0) and after treatment (T1), and EV-like particles were 

isolated using a standardized protocol adapted for Raman analysis. 

RS revealed distinct biochemical signatures at T0 and T1, with the most prominent change 

involving peaks associated with carotenoids (antioxidant molecules linked to redox status). 

These spectral variations were also strongly correlated with major clinical scales of disability 

profile. In particular, higher carotenoid Raman peaks were associated with worse motor 

performance, suggesting that an elevated carotenoid signature in EV-like particles reflects a 

redox-stress burden that correlates with more severe functional impairment. 

Importantly, carotenoid levels at T0 were prognostic. Indeed, patients with higher carotenoids 

at T0 demonstrated poorer rehabilitation outcomes, indicating that this Raman biomarker can 

identify responders and non-responders to the rehabilitation program. This highlights the 

potential of circulating EV-like particles as predictive biomarkers to guide personalized 

rehabilitation strategies. 

Together, these results demonstrate that RS is sensitive to molecular changes in EV-like 

particles at T0 and T1. Indeed, focusing on the reproducible association between carotenoid 

signatures, clinical scales of motor disability, and rehabilitation outcomes, this approach 
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supports the EV-like particles' Raman signature as a minimally invasive tool for patient 

stratification based on the identification of specific biomarkers (“rehabilomics”). Finally, this 

approach holds promise for personalized rehabilitation strategies and improving the clinical 

management of Parkinson’s disease. 

For a detailed description of the study design, methods, results, and discussion, the full 

published article is provided as a PDF at the end of this thesis. 
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CHAPTER 5 – CONCLUSIONS AND PERSPECTIVES 

This thesis demonstrated how vibrational spectroscopies and NMR can serve as powerful 

analytical tools for the study of biofluids and their EV fractions. By applying these techniques 

to saliva, plasma, and serum, the work showed that spectroscopies can capture molecular and 

mesoscale differences that reflect underlying pathological conditions. 

Despite the complexity of these matrices and current limitations in their clinical translation, the 

results presented here highlight the ability of spectroscopies, particularly RS and FTIR, to 

generate reproducible biochemical signatures that support both diagnostic evaluation and the 

monitoring of therapeutic or rehabilitative responses. Indeed, these results provide a step toward 

overcoming existing methodological barriers and reinforce the potential of spectroscopies 

applied to biofluids and their EV fractions for profiling in future precision medicine 

applications. 

Importantly, the results collectively highlight that no single biofluid or analytical technique can 

be considered universally optimal. Instead, the findings support a complementary and 

multiscale strategy, in which the choice of biofluid, analytical method, and scale of 

investigation must be tailored to the specific clinical question. Saliva emerged as a particularly 

attractive matrix for minimally invasive diagnostics and longitudinal monitoring, whereas 

plasma and serum provided broader systemic information, especially when combined with EV 

analysis. 

Despite the promising results, this work also emphasizes several limitations that currently 

hinder the full clinical translation of spectroscopic approaches. These include the intrinsic 

biological variability of biofluids, the complexity of EV isolation and characterization, and the 

need for standardized pre-analytical and analytical workflows. Moreover, while vibrational 

spectroscopies provide highly reproducible molecular fingerprints, their biological 

interpretation often requires integration with complementary techniques and advanced data 

analysis strategies 

Indeed, the experimental evidence collected throughout this thesis confirms the clinical 

relevance of both saliva and its EV fractions. In particular, the work on salivary diagnostics 

demonstrated that this minimally invasive biofluid can capture biochemical markers of disease 

with high reproducibility, supporting its use for respiratory disorders such as COPD, asthma, 

and OSA. This is illustrated by the development of a patented Raman-based workflow that 

demonstrates the feasibility of translating spectroscopic fingerprints into diagnostic tools. 
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Similarly, analyses of plasma and serum, and their EV fractions, showed that vibrational 

spectroscopy and NMR can detect molecular and mesoscale changes associated with 

pathological processes. Although NMR analyses in this thesis were performed exclusively on 

whole plasma, ongoing experiments now extend this approach to EVs. In particular, an 

optimized protocol has been established for metabolomics of EVs, opening the possibility of 

integrating NMR at the mesoscale level in future studies. 

This aspect further supports the multiscale perspective of this work, in which vibrational 

spectroscopies and NMR provide complementary information spanning molecular composition 

and mesoscale organization. 

By revealing signatures associated with disease, therapeutic treatments, and rehabilitation 

outcomes, these studies expand the applicability of spectroscopies beyond early detection, 

positioning them as valuable tools for patient monitoring and stratification in complex clinical 

contexts. 

For these reasons, a near-future perspective involves integrating artificial intelligence (AI) and 

machine learning (ML) into the multiscale analytical workflow, representing a step toward 

greater accuracy, robustness, and interpretability. Indeed, by leveraging advanced algorithms, 

spectral fingerprints can be directly translated into clinical outputs, enabling automated 

classification and supporting decision-making. Consequently, combining AI and ML with 

Raman and FTIR analyses could improve accessibility and reproducibility across clinical 

settings. 

Moreover, future research could also focus on the multimodal integration of vibrational 

spectroscopy with other (biorthogonal) techniques such as NMR, NTA, AFM, lipidomics, and 

metabolomics. Combining these heterogeneous datasets using AI-driven fusion strategies 

would enable the reconstruction of comprehensive molecular and mesoscale signatures that can 

identify specific patterns related to the diseases, even in conditions lacking established 

biomarkers. Therefore, this multiscale approach could provide a powerful pipeline for 

improving diagnostic accuracy and advancing precision medicine, particularly in rare diseases 

or those for which no early-diagnosis biomarker currently exists. 

To do this, a large-scale study across different cohorts will be necessary to confirm the 

diagnostic and monitoring performance of the identified spectral biomarkers. Such studies will 

help define clinically relevant thresholds, assess inter-individual variability, and establish the 

robustness of models in real-world scenarios. 

Considering the evidence discussed above, the most plausible route to translating these 

technologies into clinical practice may involve using Raman, FTIR, and SERS platforms for 
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point-of-care applications. In particular, among biofluids, saliva is most suitable, as it can be 

collected easily, non-invasively, and at low cost. Portable devices, when combined with AI-

driven analysis, could enable rapid bedside or pharmacy screening, supporting primary 

clinicians, and provide specialists with fast spectral reports to guide diagnosis and treatment. 

This evolution would allow continuous and repeated assessment of patients, facilitating early 

detection of disease exacerbations, evaluation of therapy adherence, and monitoring of 

rehabilitation outcomes. 

In summary, this thesis demonstrates that biofluids and their EV fractions, when combined with 

vibrational spectroscopies, hold strong potential for addressing unmet clinical needs. These 

approaches pave the way for timelier diagnosis, improved monitoring of therapeutic response, 

and ultimately, more personalized patient management. 
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CHAPTER 6 – APPENDIX 

In addition to the main research presented in this PhD thesis, I contributed to several side 

projects. The following sections summarize the main scientific contributions of each work, 

highlighting their goals, results, and my specific role within the study. 

Raman spectroscopy characterization of Multi-Functionalized liposomes as Drug-

Delivery systems for neurological disorders 

This study focused on the biochemical characterization of functionalized liposomes designed 

for targeted drug delivery to the central nervous system. The study aimed to evaluate liposomal 

formulations engineered to cross the blood–brain barrier and release specific drugs for the 

treatment of neuroinflammatory conditions in Alzheimer’s disease and glioblastoma. Raman 

spectroscopy (RS) was performed to assess the molecular composition, stability, and synthetic 

reproducibility of the liposomes. Indeed, every liposome component was acquired via RS to 

determine how individual chemical components influenced the Raman fingerprint of each 

formulation. To discriminate liposomes with different functionalization, the multivariate 

analysis was performed, confirming their stability over time. These results demonstrated the 

potential of RS as a rapid, label-free quality-control tool for liposomes used in drug delivery. 

In this project, my contribution focused on acquiring Raman spectra and their post-processing 

workflow. Furthermore, I contributed to multivariate statistical analysis, helping to understand 

spectral variations associated with functionalization, drug loading, and batch-to-batch 

reproducibility. This collaboration highlighted the versatility of RS for characterizing complex 

nanosystems. 

Multiplexing Biosensor for the Detection of Extracellular Vesicles as Biomarkers 

of Tissue Damage and Recovery after Ischemic Stroke 

This side project investigated the role of Extracellular Vesicles (EVs) as potential biomarkers 

for patient stratification and rehabilitation outcome prediction in subacute ischemic stroke using 

Surface Plasmon Resonance Imaging (SPRi). The project focused on identifying EV-associated 

molecules involved in post-stroke inflammatory, reparative, and neurodegenerative processes. 

The primary aim was to obtain information that could complement clinical scales, in particular, 

biomarkers able to predict recovery. Using a multiplexed SPRi biosensor, the study 

demonstrated that, 10 days after the ischemic event, subacute stroke patients exhibit increased 

expression of VEGFR2 and TSPO on EVs, with a specific contribution from microglial and 

endothelial EVs. These preliminary results suggested that EV profiling could support patient 
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characterization at the onset of rehabilitation and inform predictions of therapeutic 

responsiveness. 

My contribution to this work was concentrated on EV isolation, their SPRi analysis, and data 

interpretation, ensuring the robustness and reproducibility of the analytical workflow. 

SPRi analysis of molecular interactions of mApoE-functionalized liposomes as 

drug delivery systems for brain diseases 

This study focused on the development and molecular characterization of multifunctionalized 

liposomes designed for targeted delivery across the blood–brain barrier (BBB) in the treatment 

of Glioblastoma. The liposomal formulations were engineered to encapsulate a therapeutic 

compound and to be functionalized with two key ligands: an Apolipoprotein E-modified 

peptide (mApoE) to promote BBB translocation, and a metalloprotease-sensitive lipopeptide to 

localize drug release within the pathological microenvironment. Surface Plasmon Resonance 

imaging (SPRi) was optimized and applied to evaluate the binding affinity of the functionalized 

liposomes toward brain receptors. SPRi measurements revealed strong interactions between 

mApoE-LPs, while showing negligible binding to peripheral immune receptors expressed on 

monocytes and lymphocytes. In particular, a strong affinity for the endothelial marker VCAM-

1 was observed, supporting the specificity of the functionalization. These results demonstrated 

the suitability of SPRi as a sensitive and multiplexed platform for the characterization of 

functionalized liposomes. 

My expertise was relative to the EV analysis by SPRi. 

Extracellular vesicles of different cellular origin feature distinct biomolecular 

corona dynamics 

As part of a side project, we investigated the formation and dynamics of the biomolecular 

corona (BC) on Extracellular Vesicles (EVs), a phenomenon normally observed in synthetic 

nanoparticles. This study focused on EVs derived from human red blood cells (REV) and 

amniotic membrane mesenchymal stromal cells, exploring how their surface interacts with 

plasma proteins under physiological conditions. The research employed fluorescence 

correlation spectroscopy to monitor BC formation. My contribution focused on EV separation 

and characterization, specifically supporting the isolation of REV and performing nanoparticle 

tracking analysis to assess size distribution and concentration. This work highlighted distinct 

BC dynamics between the two EV populations, suggesting that EV origin influences corona 

formation, providing insights into EV heterogeneity and informing the development of EV-

based diagnostic and therapeutic applications. 
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MicroRNA-142-3p shuttling in extracellular vesicles marks regulatory T cell 

dysfunction in multiple sclerosis 

This study explored the role of EVs released by regulatory T cells (Treg-EVs) to maintain 

immune tolerance and how their dysfunction contributes to the pathogenesis of relapsing 

remitting multiple sclerosis (RR-MS). This study demonstrated that Treg-EVs from HC 

mediate immunosuppressive effects by transferring miR-142-3p to conventional CD4⁺ T cells 

(Tconv). In contrast, Treg-EVs from RR-MS contained lower levels of miR-142-3p, leading to 

reduced suppressive activity and correlating with disease severity. 

Within this project, my contribution focused on the characterization of Treg-EVs obtained from 

HC and RR-MS with two different isolation protocol: ultracentrifugation and Exo-spin™. 

Samples were analyzed through CONAN assay and AFM to assess purity and morphology. 

These analyses revealed that EVs isolated by ultracentrifugation exhibited a cleaner profile and 

lower contamination compared to those purified using the Exo-spin kit. Nonetheless, both 

methods did not affect the downstream functional results presented in the study. For this reason, 

all the analyses present in this paper were performed using the Exo-spin isolation method for 

its practicality and reproducibility. 

Assessment of chronic Myeloid Leukaemia in vitro models variability: insights 

into extracellular vesicles 

This study aims to investigate EVs derived from Chronic Myeloid Leukaemia (CML) cell 

models to better understand their molecular characteristics and responses to Tyrosine Kinase 

Inhibitor (TKI) treatment. Indeed, the success of TKI treatment, therapeutic resistance remains 

an obstacle for CML. For this reason, the work compered two CML-derived cell lines, K562 

and KCL22, by focusing on their EVs before and after different treatments, alongside Ki67 

expression to value proliferation. 

My contribution to this work focused on the EV characterization. Specifically, I performed Dot 

Blot analyses to confirm the presence of EV markers and sample purity, BCA assay to evaluate 

the protein concentration, Nanoparticle Tracking Analysis to determine EV size distribution, 

and Atomic Force Microscopy for morphological characterization. These analyses confirmed 

the presence of EV in our samples allowing us to proceed with the spectroscopic analysis. 

FTIR combined with PCA analysis revealed differences between EVs derived from K562 and 

KCL22 cells. Under basal conditions, both cell lines released comparable amounts of EVs 

containing similar levels of BCR::ABL1 transcripts. However, following TKI treatment, K562 
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cells exhibited an increased EV release and an higher BCR::ABL1 content. In contrast, KCL22 

cells showed an earlier proliferative activity. 

Tracking Leukemic Residuals: Dissecting the Inverse Relationship Between 

CD26⁺ Stem Cells and Extracellular BCR::ABL1 in CML 

This work explored the relationship between circulating CD26⁺ leukemic stem cells (LSC) and 

Extracellular Vesicle–Enriched Secretome (EVES) BCR::ABL1 transcripts in CML patients 

under TKI therapy. CD26⁺ LSC were quantified via flow cytometry, while EVES BCR::ABL1 

levels were separated using Norgen Kit. In particular, my help was focused on EVES 

characterization, performing Bradford assay for total protein, COlorimetric NANoplasmonic 

assay for soluble protein contaminants, and Atomic Force Microscopy for morphological 

evaluation. Results confirmed enrichment in EVs with lipoprotein contamination, validating 

the EVES fractions. An inverse correlation emerged between circulating CD26⁺ LSC counts 

and EVES BCR::ABL1 transcripts. Therefore, transcript release by EVs may reflect dynamic 

changes in LSC activity. These findings support EVES as a minimally invasive biomarker for 

disease monitoring and provide insight into EVs signaling in CML. 

Red Blood Cell-derived Extracellular Vesicles as biomaterials: the opportunity of 

freezing-induced accelerated aging 

For this side project, we investigated how storage conditions influence the physicochemical 

properties of Red Blood Cell–Derived Extracellular Vesicles (RBC-EVs), which are 

increasingly considered as attractive building blocks for biomaterial and drug-delivery 

applications. Freshly isolated RBC-EV preparations showed marked heterogeneity, with two 

distinct nanoparticle subpopulations identifiable after density-based separation and high-

resolution interferometric Nanoparticle Tracking Analysis (iNTA). The study demonstrated 

that prolonged storage at -80°C, as well as controlled freeze–thaw cycles, reduced this 

heterogeneity and drove RBC-EV toward a stable, more homogeneous population with 

preserved membrane integrity and cellular uptake capacity. These results support the concept 

of “accelerated ageing” as a practical strategy to standardize RBC-EV batches and to reproduce 

the biophysical features typically observed after long-term storage. In particular, for this 

project, my contribution involved performing the separation of RBC-EVs and standard 

Nanoparticle Tracking Analysis, which were essential for monitoring the evolution of RBC-EV 

size distribution and concentration across the different storage conditions. In summary, the 

work highlights how processing and storage parameters critically shape RBC-EV behaviour, 
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and underscores the importance of standardized workflows for their future use in 

bioengineering and therapeutic contexts. 

Shared protocol to enrich and compare Extracellular Vesicles from human 

plasma and skeletal muscle biopsy 

In this work, we investigated extracellular vesicles (EVs) from both solid (human skeletal 

muscle tissue) and liquid (human plasma) matrices, with the aim of developing a standardized 

protocol for their separation and comparative characterization. While EV research has 

traditionally focused on liquid matrices due to accessibility, EVs from solid tissues (tissue-EV) 

provide valuable insights into the local microenvironment and tissue-specific functions. The 

study employed optimized separation protocols and advanced analytical techniques to assess 

biomolecular composition, nanomechanical properties, particle yield, size distribution, and 

colloidal stability, while minimizing methodological biases across sample types. My 

contributions included EV separation using differential centrifugation and density gradient, 

comprehensive EV characterization through nanoparticle tracking analysis to asses the EV 

concentration and size, Western Blot analysis for a biochemical characterization, COlorimetric 

NANoplasmonic assay in order to confirm the purity of the EV sample, and BCA assay for the 

total protein content. The results highlighted clear differences between muscle- and plasma-

derived EVs, underscoring tissue-specific features and potential implications for EV-based 

diagnostics and understanding of their biological roles in different microenvironments. 
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Abstract: The rapid spread of SARS-COV-2 and the millions of worldwide deaths and hospitalizations 
have prompted an urgent need for the development of screening tests capable of rapidly and 
accurately detecting the virus, even in asymptomatic people. The easy collection and the biomarker 
content of saliva, together with the label-free and informative power of surface-enhanced Raman 
spectroscopy (SERS) analysis have driven the creation of point-of-care platforms capable of identifying 
people with COVID-19. Indeed, different salivary fingerprints were observed between uninfected 
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Molecular Understanding of the based method highlighted the persistence of molecular alterations in saliva up to one month after the 
Surface-Enhanced Raman first positive swab, even when the subject tested negative for the rapid antigenic test. Nevertheless, 
Spectroscopy Salivary Fingerprint in no specific spectral patterns attributable to some viral proteins and immunoglobulins involved in 
People after Sars-COV-2 Infection and COVID-19 infection and its progression were found, even if differences in peak intensity, presence, 
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1. Introduction 
The COVID-19 pandemic, caused by the Sars-COV-2 virus, became a worldwide 

health emergency that caused deaths and radical changes in our habits. Belonging to the 
coronavirus family, Sars-COV-2 displays an affinity towards the ACE-2 receptor, resulting 
in a principal involvement of the upper and lower airways. The coronas of spike proteins 
around the virus mediate the receptor binding through subunit 1, while subunit 2 is respon-
sible for virus–host–cell membrane fusion [1]. Over these four years, this wild virus form 
has undergone spontaneous mutations, causing the appearance of five variants of concern 
responsible for increased transmission. It also has a variability of symptoms [2,3]. Its 
clinical manifestations range from fever, cough, sore throat, and muscle pain to pneumonia 
and death in the most severe cases. To slow down the spread of the virus and decrease 
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the mortality rate, anti-COVID-19 vaccines were developed. Based on mRNA technol-
ogy, Comirnaty (BNT162b2) (Pfizer-BioNTech®) and Spikevax (Moderna®) vaccines were 
the ones mainly administered in Italy [4]. The induced immunological memory, through 
the production of anti-Sars-COV-2 spike protein antibodies, prevents the worsening of 
the disease and should reduce contagiousness [5]. Additionally, a variety of diagnostic 
methods for different contexts has been developed. RT-PCR molecular test and the rapid 
antigen immuno-based test are the two gold-standard techniques performed mainly using 
a nasopharyngeal swab. The presence of the virus is verified through the quantification 
of the genetic material and the detection of viral proteins, respectively. Although RT-
PCR is a very sensitive technique, it is time-consuming and expensive, while the rapid 
antigen test allows fast screening at the expense of accuracy [6,7]. In this context, saliva 
has attracted interest as a specimen for COVID-19 diagnosis for the self because of its 
non-invasive and painless collection, and since it is a reservoir of a variety of molecules, 
diseases-related biomarkers, and viruses [8–10]. Sars-COV-2 can persist in saliva for up 
to about 20 days after the onset of symptoms, causing alterations in the lipid and inflam-
matory profile, T-cells, metabolites, and proteins [11–13]. Given the concordance of the 
results with the nasopharyngeal swab, saliva has been confirmed as a valid alternative 
and has been employed in some COVID-19 tests [14–16]. However, new diagnostic tools 
have been created to address some of the limitations of conventional platforms. Among 
them, surface-enhanced Raman spectroscopy (SERS) has emerged as a valuable analysis 
thanks to its high-sensitivity ability to detect the lowly concentrated molecules present 
in saliva. Indeed, the use of metallic substrates enhances the Raman effect, providing 
more accurate biomolecular information [17–21]. From 2020, about 20 papers have been 
published on this topic. Most studies involve the creation of SERS-based immunoassays for 
the detection of viruses by spike and/or nucleocapsid proteins or receptor-binding domain 
recognition, employing artificial or human saliva samples enriched with viral proteins 
or particles [22–26]. Although these methods can detect very low concentrations of viral 
components, they are expensive, variant-dependent (as they involve the use of antibodies), 
and do not fully mirror the real condition. Alternatively, the whole salivary spectrum 
can be considered a fingerprint of the individual’s status of health, avoiding the use of 
reagents. The possible clinical application of a label-free SERS platform for COVID-19 
diagnosis is supported by good levels of accuracy, precision, and specificity, also achieved 
using machine learning algorithms. Alterations of the salivary Raman spectrum mirror the 
modifications in saliva due to the infection. In most of the works, spectral variations are 
attributable to proteins, nucleic acids, and lipids. In our previous study, we were able to 
discriminate subjects positive for Sars-COV-2 from those with a past infection or uninfected 
with a diagnostic accuracy between 89% and 92% [27]. Indeed, a specific salivary Raman 
fingerprint was ascribable for each experimental group, with spectral variations related to 
O–O stretching, glucose/glycogen, C–N, and C–C protein stretching, tryptophan, pheny-
lalanine, and secondary bands of amide III. Along the same line, Ember K. et al. found 
differences in the ranges of proteins, DNA, urea salt, and nitrate by comparing the spectra 
of the main saliva constituents [28]. Moreover, the involvement of methionine and tyrosine 
has been suggested due to variations in the intensity bands at 654, 720, 1320, 1443 cm−1, 
828, and 853 cm−1, respectively, between positive and negative subjects [29]. However, no 
study has delved into the possible molecules behind these differences in the Raman spectra. 
Tentative assignations of the peaks were made based on the literature data and molecular 
alterations in the saliva after infection. Since Raman bands could derive from different 
molecules, the aim of this study was to better understand which molecules are involved in 
saliva spectra variance. Specifically, we studied the involvement of the Sars-COV-2 virus 
by investigating the potential implication of the spike and nucleocapsid proteins, and of 
the immune system. For this purpose, we performed a study on both COVID-19 subjects 
and healthy ones after the administration of the Comirnaty® vaccine. 
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2. Materials and Methods 
2.1. Saliva and Serum Sample Collection 

This study was approved by the Ethics Committee of IRCCS Fondazione Don Carlo 
Gnocchi ONLUS on 17 February 2021 and 20 May 2021. All participants gave written 
informed consent and filled out a brief questionnaire about smoking habits and ongoing 
pharmacological treatments. Eventual oral infections, recent dental surgeries, and patholo-
gies of the respiratory system were recorded. The study involved 38 volunteers who were 
divided into two groups, following a different timeline in the saliva collection. The first 
group (Group 1), consisting of 17 people, collected saliva once a week for one month after 
the first positive nasopharyngeal test. The positivity of Sars-COV-2 was diagnosed by 
nasal rapid antigen test and hospitalisation was not needed. The second group (Group 2) 
consisted of 21 hospital co-workers. The saliva sampling was performed before starting 
the anti-COVID-19 vaccine cycle and 30 days after the second dose of the Pfizer vaccine 
(Comirnaty®). Stimulated saliva samples were self-collected using Salivette® (Sarstedt AG 
& CO, Numbrecht, Germany), processed following our previously optimised protocol, and 
stored at –20 ◦C until use [27]. Before all the analyses, saliva aliquots were thawed and 
vortexed to guarantee sample homogeneity. Serum samples for immunoglobulin quantifi-
cation were collected from Group 2 30 days after the second dose using collection tubes 
with a gel separator (BD Vacutainer®SST™ II Advance tubes, Becton-Dickinson Biosciences, 
San Josè, CA, USA). Aliquots of serum samples were stored at −80 ◦C until use. 

2.2. Preparation of Spike Protein Sample 
The Sars-COV-2 spike protein (2019-nCoV Spike Protein S—Adipogen, Füllinsdorf, 

Switzerland) was reconstituted in sterile water, obtaining a final concentration of 10−6 M. 
Then, the stock solution was diluted in a Sars-COV-2 negative saliva sample to final 
concentrations of 10−7 and 10−9 M, based on literature data [30]. 

2.3. Surface-Enhanced Raman Spectroscopy Analysis 
SERS spectra were collected using the Raman microscope Aramis (Horiba Jobin-Yvon, 

France) coupled with a laser source at 785 nm (150 mW power emission at source). The 
analysis of saliva was performed as previously described [27]. A saliva drop was dried at 
room temperature on a glass slide covered with commercial aluminium foil, and, for each 
subject, at least 15 spectra were collected in random points, given the reproducibility of the 
SERS spectra (Figure S1). The spectral regions of interest were 435–690 and 700–1600 cm−1. 
The silicon spectrum was measured every day for Raman shift calibration to have accu-
rate, reliable, and reproducible measurements. The same protocol was followed for the 
acquisition of the 15 spectra of spike solutions and saliva in which the protein was diluted. 
Compared to our previous work, the contribution of the aluminium substrate was not 
removed to minimise the manipulation of the spectra. 

2.4. SERS Data Processing 
The raw data of the saliva samples were subjected to post-processing using Lab-

Spec6 (Horiba, France). Specifically, spikes and artefact spectra were removed, and a 
Savitsky–Golay smoothing filter of order 3 and a fifth-degree polynomial curve were ap-
plied. After alignment to the 1252 cm−1 band, spectra were extracted with a final resolution 
of 1.21 cm−1/step, corresponding at 939 x-axis points. The resulting spectra were nor-
malised by dividing each curve by the dataset norm using OriginLab2021b (OriginLab, 
version 2021, Northampton, MA, USA). Spectra of spike proteins underwent the same 
processing steps. The average of each saliva sample was used as input for the principal 
component analysis (PCA). For the comparative study among uninfected subjects and 
those with current and past infection, the first 7 principal components (PCs) were extracted 
and used for the creation of the classification model using linear discriminant analysis 
(LDA). An agglomerative hierarchical analysis was carried out on the 21 average spectra 
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of Group 2-timepoint 1. Statistical analysis was performed using one-way ANOVA for 
pair-wise comparisons, and the significance is indicated in the figures as * p <  0.001. 

2.5. Enzyme-Linked Immunosorbent Assay (ELISA) 
Cortisol and nucleocapsid protein were quantified using a commercial ELISA salivary 

test (Cortisol ELISA Kit-R&D Systems, Biotechne, Minneapolis, MN, USA; SARS-COV-2 
nucleocapsid protein ELISA Kit—Arigo Biolaboratories, Zhubei City, Taiwan) according to 
the manufacturer’s protocol. A cortisol assay was performed on Group 1 saliva samples 
(n = 17), whereas the nucleocapsid protein was quantified only in COVID-19-positive 
subjects (n = 35, as shown in Figure 1). Saliva samples were diluted 5-fold (cortisol) 
and 2-fold (nucleocapsid) to be within the standard curve, and the optical intensity was 
measured within 30 min at 450 nm with a Clariostar microplate reader (BMG Labtech, 
Ortenberg, Germany). 

2.6. Salivary and Serum IgA Quantification 
The IgA antibodies specific to the recombinant receptor-binding domain (S1-RBD) 

of the spike protein (Wuhan-Hu-1) were measured in saliva (2-fold diluted) and serum 
(500-fold diluted) using a commercial ELISA kit assay (RayBio, CliniSciences, Guidonia 
Monticello, Rome, Italy), according to the manufacturer’s instruction, as previously de-
scribed [31]. IgA antibody titres were expressed as U/mL (units/mL; cut-off: 21.4 U/mL). 

2.7. Serum IgG Quantification 
The IgG antibodies specific to the SARS-COV-2 receptor-binding domain (RBD) of 

the spike protein were measured in a serum by chemiluminescence immunoassay, CLIA, 
(Access Immunoassay Systems; Beckman Coulter, Brea, CA, USA) as recommended by the 
manufacturers. IgG antibody titres were expressed as AU/mL (arbitrary units/mL; cut-off: 
10 AU/mL). 

3. Results and Discussion 
3.1. Longitudinal COVID-19 Fingerprint 

To investigate whether the progression of the Sars-COV-2 infection resulted in changes 
in the SERS fingerprint of the saliva, 17 people were asked to collect saliva every week 
for one month after being diagnosed with COVID-19 (COVID19+; T1, T2, T3, T4). The 
SERS analysis was performed following our previously optimised protocol that allows 
us to obtain the salivary fingerprint in a fast and reproducible manner [27]. Each subject 
was considered separately for the spectral analysis, as each had a different timing of 
negativisation from COVID-19. Indeed, for some participants, the infection lasted about a 
week, while some subjects remained positive for the entire duration of the study. Compared 
to our previous work, the people included in this study were aged between 26 and 71 years 
and showed mild symptoms that required home-based therapy following the indications 
of the general medicine practitioner and were thus not hospitalised. Figure 1 summarises 
the demographic and clinical data of Group 1 subjects. 

Figure 1. General information on COVID-19 subjects enrolled in this study. The standard deviation is 
reported in brackets. Dots indicate the saliva samples taken at time-points 1, 2, 3, 4. When the dot is 
filled, the subject is COVID-19 positive. 
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Figure 2 shows the overlaid mean spectra of the four time-points of subject 1, who 
tested positive for one week. The SERS spectra of samples of other subjects from Group 1 
are present in the Supplemental Materials (Figure S2). 

Figure 2. Overlapped average spectra of four time-points (T1, T2, T3, T4) of participant 1’s saliva. 

Comparing the four time-points, differences can be found mainly in the change in 
intensity and/or the presence and absence of specific peaks and bands. Some positive 
(#1T1, #8T1, #17T1, #12T1, #12T2) and negative (#1T3, #1T4, #8T2, #8T3, #17T2, #17T3, #1T4) 
saliva samples showed a band/shoulder at approximately 1420 cm−1 that can be related to 
the ring breathing modes of the DNA/RNA bases [32]. The peak at 852 cm−1, attributable 
to glycogen, proline, or tyrosine, is also present indiscriminately in subjects with a current 
(COV+) and past (COV−) infection [33]. The same applies to the peak at 715 cm−1 related 
to phospholipids, which may be derived from the virion particle [27]. To better visualise 
possible spectral variations characteristic of disease progression, the spectrum at T4 was 
subtracted from T1. We selected these two time-points because, within a month, molecular 
changes are expected to occur independently of whether the subject is still positive or has 
become negative. The resulting subtraction spectra are displayed in Figure 3. Since all 
the subjects were positive at T1, the spectral area above the horizontal solid line (at zero 
intensity) is characteristic of the initial phase of the infection when the viral load is expected 
to be at maximum [34,35]. 

For three participants (#1/#2/#3), the subtraction spectrum is very noisy suggesting a 
similarity between the two time-points. Only subjects #4, #5, and #6 have three characteristic 
peaks at T1 (451, 620, and 990 cm−1) while peaks at 715 and 1050 cm−1 well differentiate 
COV+ from COV− saliva of subjects #7 and #8. Nevertheless, the possible relationship of 
these peaks to the presence of the virus in saliva is contradicted by the subtraction spectrum 
of subject #9, which showed the opposite pattern. Lastly, the peaks at 920 (carbohydrates), 
1000 (phenylalanine), and 1050 (tryptophan) cm−1 exhibited the greatest variation between 
T1 and T4 [27]; however, no discernible trend is evident. Already highlighted as one of the 
main differentiators in our previous work [27], the peak at 1050 can also be attributed to 
nitrates so we can speculate that its fluctuation may also depend on dietary habits [36]. 
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Figure 3. Subtraction spectra for each subject. The ±0.005 ΔI interval was chosen as the lower limit 
for peak attribution. 
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3.2. Multivariate Analysis 
In an effort to uncover potential differences not discernible from a simple comparison 

of spectra, multivariate statistical analysis was performed. After PCA, the obtained PC 
score distribution showed a minimal inter-group variation between the COV+ and COV− 
samples (Figure 4a), suggesting that the molecular alterations that occurred in saliva due 
to infection did not lead to major modifications in the SERS spectrum within a month. 
The inability to distinguish the COV+ from COV− samples, in contrast to our previous 
work [27], may be explained by the fact that in the present study, the COV− saliva samples 
were collected a short time after the negativization happened. Nevertheless, the loadings of 
the first three PCs, which account for about 75% of the variance, showed some variations at 
specific Raman shifts (Figure 4b). It has to be noted that despite the involvement of peaks 
at 451, 618, 712, 920, 990, 1049, 1418, and 1450 cm−1 in the differences between COV+ and 
COV− spectra, the areas under the curve of these spectral regions were not significantly 
different between the two groups (Figure S3, Supplementary Materials). Hence, to ascertain 
that our SERS approach is also suitable as a diagnostic platform for non-severe COVID-19 
cases, a PCA-LDA was performed including the saliva samples of 36 healthy controls 
(CTRLs) used in the past work [27]. The first seven PCs were extracted and used for 
the classification model. As expected, the CTRLs significantly differ from the other two 
experimental groups, while the distribution of the canonical variable 1 highlighted no 
differences between COV+ and COV− (Figure 4c). This result is in agreement with our 
previous observation that negativized patients do maintain the biomolecular composition 
of saliva chemical alterations related to a previous infection by Sars-COV-2, even in mild 
cases of COVID-19. These variations make the SERS salivary fingerprint of subjects after 
COVID-19 significantly different from CTRL subjects (no previous infection by Sars-COV-2 
registered) but partially overlapped with COV+. Disease severity, subjects’ age, and sample 
size are possibly responsible for the differences in the present results, compared to previous 
data [27]. 

Figure 4. Results of the multivariate analysis. (a): PC1 and PC2 scores distribution. Each dot 
represents the average spectrum of each sample; (b): the loadings of the first three PCs; (c): the 
statistical analysis (one-way ANOVA test) on Canonical Variable 1, derived from the LDA of the 
CTRL, COV+, and COV− subjects. 
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3.3. Salivary Cortisol Quantification 
Salivary cortisol was quantified to exclude any potential impact in the SERS spec-

trum since its level follows a circadian profile and is influenced by lifestyle, stress, and 
pathological conditions [37,38].The analysis was performed on all samples from Group 1 
and samples at T1 from Group 2. Except for one specimen, all saliva samples had cortisol 
levels in the range of 0–20 ng/mL, which was in agreement with results reported in the 
literature [39,40]. Values are reported in Table S1 in the Supplementary Materials. Consid-
ering the Raman peaks characteristic of salivary cortisol [41], only the peak at 1450 cm−1 is 
present in our spectra, and no variations in its intensity or position were found. Therefore, 
we can determine that differences in salivary cortisol levels did not affect the obtained 
spectra in the considered analysis. 

3.4. SERS Data Interpretation 
3.4.1. Nucleocapsid Protein 

To understand if the viral components are implicated in the discrimination of COVID-19 
samples, we studied the potential contribution of the nucleocapsid protein. The COV+ 
saliva samples of Group 1 were tested for the presence of the Sars-COV-2 nucleocapsid 
protein. Unexpectedly, in most samples, the assay did not allow for nucleocapsid quan-
titation, as it was probably under the limit of detection of the techniques, whereas only 
two samples from the same subject (T1 and T2 of subject #7) contained the protein at a 
concentration of 15.2 and 15.6 ng/mL, respectively. Considering the Raman spectrum of 
the nucleocapsid protein [42], in #7T1 and #7T2, only the peak at 1050 cm−1 could refer to 
its presence, even though this peak is present indifferently in the COV+ and COV− spectra, 
with an intensity comparable to these two samples. In all the other COV+ specimens, 
the Sars-COV-2 nucleocapsid protein was not detectable by ELISA, although previously 
reported data showed that levels of up to 100 ng/mL were detected in saliva in the first ten 
days of infection using a single molecule array [43]. 

3.4.2. Spike Protein 
The potential impact of the Sars-COV-2 spike protein in the SERS fingerprint was 

assessed through the SERS analysis of the protein itself in saliva. The averaged spectra 
of spike protein in saliva are presented in Figure 5a. The spectrum at 10−7 M is more 
informative in terms of peak presence and intensity. Interestingly, the shift of the peak from 
920 cm−1 to 924 cm−1, passing from 10−7 to the 10−9 M concentration, was observed. A 
red shift also involves the peak at 1046 that moves to 1053 cm−1 in the 10−9 M solution. 
These spectral areas were already identified as responsible for the inter-group variations. 
In contrast, only at the 10−9 M concentration is there the peak at 980 cm−1, which has 
never previously been reported for the Sars-COV-2 spike protein solution. The observed 
concentration-dependent spectral variations are not surprising due to the expected alter-
ation in ion–protein and protein–protein interactions in biological samples which are rich 
in both salts and proteins [44,45]. Although we cannot conclude if the observed shifts are 
related to spike-protein aggregates or to the interaction of the spike protein with other sali-
vary components, we decided to consider for the subsequent analyses the spectra of saliva 
sample added with the 10−7 M protein that is expected to avoid the “crowding” effect. 

To study the spectral contribution of the Sars-COV-2 protein in the saliva spectrum, 
we subtracted the spectrum of saliva from the spectrum of the same saliva sample added 
to the protein (10−7 M) (Figure 5b). The resulting subtraction spectrum is expected to show 
which peaks and bands are related to the spike protein in saliva. Spectral differences were 
considered significant for ±0.005 ΔI. The Raman shift of the peaks related to the spike 
protein is listed in Table 1. 
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Figure 5. SERS analysis of spike protein added to saliva. (a) Overlapped SERS spectra of spike protein 
at two different concentrations; (b) subtraction spectrum of spike protein in saliva versus saliva. The 
grey area represents the propagation error. 

Table 1. Peaks attributed to spike protein in saliva. Values refer to Raman shift (cm−1). 

500 702 738 835 999 
521 707 741 849 1445 
533 712 749 874 
538 728 758 884 
542 733 828 919 

Our data are in line with previous literature that identified 500, 542, 849, 874, 920, and 
1445 cm−1 as the featured peaks of the Sars-COV-2 spike protein [42]. Thus, to demonstrate 
the contribution of the spike protein in COV+ saliva samples, we compared these values 
with the peaks observed in the subtraction spectra and referred to the T1 time-point that 
was expected to have a higher viral load. The comparison demonstrated the contribution of 
the Sars-COV-2 spike protein to the salivary fingerprint of some COV+ saliva samples at T1 
(subjects #2, #7, #8, #12, #13, #14, #15). The grey bands in Figure 3 represent these common 
peaks and show that the spectral region with the greatest similarity is between 700 and 
920 cm−1. Additionally, since the 920 cm−1 peak was identified in the subtraction spectrum 
as belonging to the spike protein, and its position varies according to concentration, the 
Raman shift of this peak was evaluated in all saliva samples. Interestingly, a red shift was 
observed in samples from the same subject from T1 to T4 for samples #2, #11, #12, and #13 
(Table 2), suggesting a decrease in spike protein concentration over time. Even the presence 
and/or the intensity of the peak at 920 cm−1 is not always visible in COV+ spectra, maybe 
due to the spike proteins’ concentrations that are not detectable by SERS in such a complex 
specimen. Moreover, its correlation with Sars-COV-2 positive saliva is further strengthened 
by the fact that the spike protein is highly glycosylated [46]. On the other hand, albeit in 
a very small percentage, we observed the presence of these peaks in the T4 region of the 
subtraction spectrum. These observations may suggest the presence of the virus (or parts of 
the virus) one month after the first positive test, although, it has to be noted that a peak can 
result from the contribution of multiple molecules, and, thus, the spike protein, together 
with other molecules within saliva, might contribute to the same peak. 

Table 2. Longitudinal variation of the Raman peak at around 920 cm−1. (+) indicates a COV+ sample, 
while (-) indicates the peak absence. 

Subject T1 T2 T3 T4 

4 
5 
6 
9 

918 (+) 
918 (+) 
920 (+) 
920 (+) 

919 (+) 
920 (+) 
923 (+) 
920 (+) 

919 (+) 
920 (+) 

-
924 

924 (+) 
921 (+) 

-
924 
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3.5. Vaccination Fingerprint 
To investigate the reasons for the observed overlap between COV+ and COV− saliva, 

the possible contribution of molecules associated with the immune response to Sars-COV-2 
infection was hypothesised. Since immunoglobulins G (IgG) and A (IgA) are produced in 
response to the virus, we evaluated their possible involvement in the SERS spectrum. For 
this purpose, the saliva samples of 21 healthy hospital employees were analysed before 
starting the anti-COVID-19 vaccine cycle and one month after the second dose of the Pfizer 
vaccine to understand if the immune response could be detected in the SERS fingerprint 
of saliva. The timeline was selected because, at the second time-point (1 month after 
the second vaccine administration), the concentration of circulating antibodies produced 
against the virus is expected to reach their maximum. All the volunteers tested negative 
for Sars-COV-2 at both time-points, and only three subjects reported previous COVID-19 
diagnoses. Table 3 summarises the demographic and clinical parameters. 

Table 3. Clinical and demographic characteristics of the cohort of vaccinated volunteers. The standard 
deviation is reported in brackets. 

Number 21 

Age, years 
Gender, female 

Previous COVID-19 

42.8 (14.2) 
13 
3 

The average spectra of the two time-points (Tv0 and Tv1) are presented in Figure 6a. 
The two spectra presented the same pattern of peaks with very slight differences in terms 
of intensity. Thus, to identify if there are any intra-group relationships relating to spectral 
regions, a hierarchical cluster analysis of the T1 dataset was conducted. The resulting 
dendrogram highlighted two outliers and three clusters (Figure 6b). The spectra of these 
sub-groups underwent PCA to extract the PCs and study which peaks/bands were impli-
cated in data separation. To verify if the spectral variations highlighted by the PC loadings 
could be related to the inter-individual fluctuation of immunoglobulins, PC1 scores were 
tested for correlation with the measured concentration of salivary IgA and with the serum 
concentration of IgA and IgG, but no correlation was assessed. Table S2 in the Supplemen-
tary Materials reported the level of the immunoglobulins quantified in saliva and serum, 
possibly due to the overlap between the Amide III region typically associated with IgA and 
IgG and the aluminium substrate interference. 

Figure 6. (a): Averaged SERS spectra of 21 saliva samples before (Tv0) and one month after the second 
dose of Pfizer vaccine (Tv1); (b) Hierarchical clustering dendrogram representing the unsupervised 
grouping of the SERS spectra at Tv1. 
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4. Conclusions 
In the present work, we tried to decrypt the biomolecules involved in the modifications 

of the salivary SERS fingerprint of COV+ individuals by conducting a longitudinal study 
and taking into account some of the molecules that are expected to be detectable in saliva 
during Sars-COV-2 infection and after immunisation. Although COVID-19 is no longer 
a current emergency, the identification of the biomolecules involved in the biochemical 
alterations of saliva could possibly be used for the profiling of patients diagnosed with 
long-COVID disorders. 

Our results demonstrate that SERS can identify a salivary biochemical fingerprint 
of people with a mild form of COVID-19 and that saliva composition is progressively 
modified after COVID-19 recovery. Indeed, after negativization, i.e., when the virus is no 
more detectable with standard nasopharyngeal rapid testing, saliva still retains biochemical 
features that resemble the biochemistry of saliva during COVID-19, even mild forms of 
the disease. However, compared to our previous work, the lack of differentiation between 
COV+ and COV− may be due to the different infection severity of the people involved in 
the study and the timing of saliva collection. Nonetheless, the modifications observed in 
saliva could not be associated either to Sars-COV-2 specific components (nucleocapside and 
spike protein) or to immunoglobulins that are expected to be released after the infection. 
Although this study was conducted on a limited cohort of subjects, because of the pandemic 
situation at the time of sample collection, our data support the ability of SERS applied 
to saliva to detect and monitor COVID-19 in a label-free and cost-effective manner. This 
technology holds promise as a point-of-care solution for the screening of other infectious 
respiratory diseases of significant global clinical importance, using a portable Raman device 
combined with clinician-friendly software. 

Supplementary Materials: The following supporting information can be downloaded at: https: 
//www.mdpi.com/article/10.3390/chemosensors12070136/s1, Figure S1. 15 spectra of Subject 1 at 
timepoint 1; Figure S2. Overlapping of the average spectra for the four timepoints for each subject; 
Figure S3. Comparison of areas under the curve between COV+ and COV− saliva samples; Table S1: 
Level of salivary cortisol (ng/mL) in the enrolled groups; Table S2. IgA and IgG levels in saliva and 
serum samples. 

Author Contributions: Conceptualization, F.R., A.G., S.P. and M.B.; methodology, F.R., L.F., V.M., 
R.M. and S.A.; validation, A.G., R.M. and M.B.; formal analysis, F.R., A.G. and P.S; investigation, F.R., 
L.F. and S.A.; resources, F.R. and S.A.; data curation, R.M., P.I.B., P.P. and M.B.; writing—original draft 
preparation, F.R. and A.G.; writing—review and editing, S.P., L.F., V.M., R.M., S.A., P.I.B., P.P. and 
R.A.R.; visualisation, F.R., and S.P.; supervision, P.I.B. and M.B.; project administration, M.B.; funding 
acquisition, M.B. All authors have read and agreed to the published version of the manuscript. 

Funding: This research was funded by the Italian Ministry of Health, Ricerca Corrente 2020–2022. 

Institutional Review Board Statement: The study was conducted in accordance with the Declaration 
of Helsinki and approved by the Institutional Ethics Committee of FONDAZIONE DON GNOCCHI 
ONLUS (protocol code #6 and 30/2021/CE_FdG/FC/SA, 17 February 2021 and 20 May 2021). 

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study. 

Data Availability Statement: All data generated or analysed during this study are included in this 
published article. 

Acknowledgments: The authors would like to acknowledge Maria Langerame of Farmaacquisition s.r.l. 

Conflicts of Interest: The authors declare no conflicts of interest. 

References 
1. Huang, Y.; Yang, C.; Xu, X.; Xu, W.; Liu, S. Structural and Functional Properties of SARS-CoV-2 Spike Protein: Potential Antivirus 

Drug Development for COVID-19. Acta Pharmacol. Sin. 2020, 41, 1141–1149. [CrossRef] [PubMed] 
2. Magazine, N.; Zhang, T.; Wu, Y.; McGee, M.C.; Veggiani, G.; Huang, W. Mutations and Evolution of the SARS-CoV-2 Spike 

Protein. Viruses 2022, 14, 640. [CrossRef] [PubMed] 

www.mdpi.com/article/10.3390/chemosensors12070136/s1


Chemosensors 2024, 12, 136 12 of 13 

3. SARS-CoV-2 Variants of Concern as of 1 March 2024. Available online: https://www.ecdc.europa.eu/en/covid-19/variants-
concern (accessed on 12 March 2024). 

4. COVID-19 Medicines|European Medicines Agency. Available online: https://www.ema.europa.eu/en/human-regulatory-
overview/public-health-threats/coronavirus-disease-covid-19/covid-19-medicines (accessed on 12 March 2024). 

5. Rahman, M.M.; Masum, M.H.U.; Wajed, S.; Talukder, A. A Comprehensive Review on COVID-19 Vaccines: Development, 
Effectiveness, Adverse Effects, Distribution and Challenges. Virusdisease 2022, 33, 1–22. [CrossRef] [PubMed] 

6. Afzal, A. Molecular Diagnostic Technologies for COVID-19: Limitations and Challenges. J. Adv. Res. 2020, 26, 149–159. [CrossRef] 
[PubMed] 

7. Pérez-López, B.; Mir, M. Commercialized Diagnostic Technologies to Combat SARS-CoV2: Advantages and Disadvantages. 
Talanta 2021, 225, 121898. [CrossRef] [PubMed] 

8. Khurshid, Z.; Zafar, M.; Khan, E.; Mali, M.; Latif, M. Human Saliva Can Be a Diagnostic Tool for Zika Virus Detection. J. Infect. 
Public Health 2019, 12, 601–604. [CrossRef] [PubMed] 

9. Zhang, C.-Z.; Cheng, X.-Q.; Li, J.-Y.; Zhang, P.; Yi, P.; Xu, X.; Zhou, X.-D. Saliva in the Diagnosis of Diseases. Int. J. Oral Sci. 2016, 
8, 133–137. [CrossRef] [PubMed] 

10. Chojnowska, S.; Ptaszynska-Sarosiek, I.; K˛ s, M.; Waszkiewicz, N. Salivary Biomarkers of Stress, Anxiety and ´ epka, A.; Kna´ 
Depression. J. Clin. Med. 2021, 10, 517. [CrossRef] [PubMed] 

11. Saheb Sharif-Askari, N.; Soares, N.C.; Mohamed, H.A.; Saheb Sharif-Askari, F.; Alsayed, H.A.H.; Al-Hroub, H.; Salameh, L.; 
Osman, R.S.; Mahboub, B.; Hamid, Q.; et al. Saliva Metabolomic Profile of COVID-19 Patients Associates with Disease Severity. 
Metabolomics 2022, 18, 81. [CrossRef] 
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Simple Summary: Extracellular vesicles (EVs) are an emerging source of biomarkers for a plethora 
of human disorders, ranging from neurodegenerative to cancer disorders. Most works focusing on 
biomarker discovery use blood as the EV source; however, although informative, EVs from blood 
are not easily separated from other particles and proteins circulating in blood vessels. Other authors 
have proposed the use of saliva as an EV source, while also finding limitations in the downstream 
analysis due to the limited amount of salivary EVs. Herein, we propose the isolation of salivary EVs 
and their subsequent characterization by Raman spectroscopy to obtain a comprehensive biochemical 
characterization that can be easily translated to diagnostics. The proposed method was successfully 
applied. The sensitivity of the Raman characterization of EVs was not limited by the low concentration 
of salivary EVs compared to serum EVs, and was able to provide a comprehensive characterization of 
EVs in a high throughput and repeatable manner. Consequently, our data suggest a new perspective 
on the use of salivary EVs when the interference of lipoproteins might hinder biomarker detection 
or when blood withdrawal is hampered. Raman spectroscopy can represent a turning point in the 
application of salivary EVs in clinics. 
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functions by delivering proteins, metabolites and nucleic acids to the recipient cells, thereby 
ensuring cell communication. It has been shown that EVs carry and express the protein 
markers typical of the cell of origin, both inside the vesicles and on their membrane surface. 
Indeed, the main characteristic of EVs is to reflect the condition and content of the parental 
cell [1]. As a result, EVs have been increasingly studied over the years as biomarkers of a 
variety of diseases, including neurological disorders [2]. 

To date, most studies on EVs use blood as the liquid biopsy and EV source. Disadvan-
tages related to the use of serum and plasma to isolate EVs are the presence of a high protein 
concentration (for example, albumin) and of lipoproteins that share dimensions and density 
with EVs, thus representing co-isolates in most isolation procedures [3]. Moreover, there 
are a plethora of pre-analytical variables that can affect the quality of the blood preparation, 
hamper the reproducibility of EV isolation and represent an obstacle in the validation of 
blood EVs as biomarkers [4]. As an example, it is not yet clear whether a fasting situation 
is necessary for the isolation of EVs; the plasma concentration of EVs has been measured 
using Nanoparticle Tracking Analysis (NTA) before and after eating a meal, and it showed 
that concentration did not vary significantly after eating a high-fat meal [5]. However, 
the plasma concentration of EVs is strongly correlated with the concentration of very low 
density lipoproteins (VLDL) in plasma and triglyceride in serum after meals, suggesting 
that the number of particles measured through NTA may be affected by the presence of 
these macromolecules. Furthermore, attention should also be paid to the type of test tube 
used. Indeed, samples obtained using tubes with Ethylenediaminetetraacetic Acid (EDTA) 
as blood anticoagulant showed the highest plasma concentrations of EVs, supporting the 
idea that EDTA promotes the formation of micro-vesicles due to platelet activation [5]. 

A biological fluid that could help in overcoming some of the limits of the use of 
blood as the EV source is saliva. Saliva is an optimal biological fluid for diagnostics as 
it contains a mixture of systemic molecules able to give information on the physiological 
and pathological state of a subject [6–9]. Furthermore, it presents the advantage of being 
a non-invasive and low-cost sampling method. Indeed, salivary samples are more eas-
ily collected compared to blood, as no specialized professionals are required [10], even 
though the composition of saliva can change according to the circadian cycle [11]. Due 
to its remarkable diagnostic potential, human saliva has been widely explored for the 
identification of oral [12,13] as well as systemic diseases [6–9,14,15]. Among its compo-
nents, it has been reported that human saliva harbors EVs, namely salivary extracellular 
vesicles (SEVs) [16,17] that have a higher degree of purity compared to EVs from serum or 
plasma [18]. Due to the low amount of co-isolated proteins and the absence of lipoproteins, 
SEVs have been proposed as potential biomarkers of diseases ranging from cancer [19,20] 
to traumatic brain injury (TBI) [21]. Moreover, knowing that salivary glands release α-
synuclein in saliva [22], SEVs have been investigated in people with Parkinson’s disease 
(PD) [23], suggesting the possibility of using SEVs as potential diagnostic biomarkers in 
multiple diseases, including neurodegenerative diseases, where early diagnosis is urgently 
needed. Nonetheless, the main limitation for the use of SEVs seems to be the paucity of 
EVs in saliva and, consequently, the limit of detection for the downstream method. 

For these reasons, in this study, we propose the use of Raman spectroscopy (RS), a 
biophotonics-based method, for the characterization of the EV salivary content and the com-
parison of the physico-chemical features of EVs isolated from both saliva and serum from 
the same subjects. RS allows the evaluation of the overall biochemical composition from a 
tiny volume of sample without labelling, providing a unique spectral fingerprint of each 
sample with peaks corresponding to specific molecular bond vibrations. This technique 
has already been applied for the analysis of blood, saliva or EVs isolated from biofluids 
such as plasma or serum, or from specific cells, with diagnostic purposes, demonstrating 
the ability of RS to identify a biochemical profile of the sample, showing simultaneously its 
content in proteins, lipids and nucleic acids [24–27]. 

In this preliminary study, we describe a straightforward procedure for the collection 
of salivary samples, the isolation of SEVs and the subsequent analysis by RS [6–9]. The 
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concomitant analysis of SEVs and serum-derived EVs from the same subjects demonstrates 
differences that might relate to the cell source of the EV samples, to the protein corona 
and/or to co-isolated macromolecules. To the best of our knowledge, this is the first time 
that the biochemical characterization of EVs from saliva has been performed, and that RS 
analysis of EVs from serum and saliva were performed in parallel for the same subject, 
suggesting a new perspective for the use of SEVs when the interference of lipoproteins 
might hinder biomarker detection or when blood withdrawal is hampered. 

2. Materials and Methods 
2.1. Subject Recruitment and Sample Collection 

In this study, five volunteers with good health status, and with no previous diagnosis of 
cardiovascular diseases, neurological or severe systemic disorders, were enrolled (average 
age 33.4 y/o; all subjects were female and non-smokers). According to the Helsinki 
Declaration, ethical approval was obtained from the Institution Ethical Committee and 
all recruited subjects signed informed consent forms before the collection of serum and 
saliva samples. Serum was obtained by the centrifugation of blood at 2500 g for 10 min 
at room temperature, and then stored at −80 ◦C before analysis. For the collection of 
saliva, Salivette® swabs were purchased from Sarstedt (Sarstedt AG & CO, Numbrecht, 
Germany). Each Salivette® contains a cotton swab that can filter saliva and retain any food 
residues. The saliva collection procedure was performed following the manufacturer’s 
instructions. Briefly, the swab was placed in the mouth and chewed for one minute, at 
least two hours after the last meal and teeth brushing. Then, the swab was centrifuged at 
1000× g for 5 min in order to recover the biofluid. Saliva samples were stored at −20 ◦C 
before analysis. This method was previously reported for the collection of saliva for Raman 
analysis, demonstrating no interference in the subsequent spectroscopic evaluation [6–9]. 

2.2. Isolation of Extracellular Vesicles 
EVs were isolated from the serum and saliva of the enrolled subjects by Size Exclusion 

Chromatography (SEC) (qEV/70 nm series; Izon Science, Christchurch, New Zealand). 
Prior to loading onto the SEC column, serum and saliva samples were thawed and cen-
trifuged at 10,000× g for 10 min. Saliva samples were also concentrated using Amicon 3K 
filters (Amicon Ultra, Sigma-Aldrich, St. Louis, MO, USA). A total of 500 μL of each serum 
or saliva sample was loaded in the SEC column and fractions (500 μL each) from 4 to 16 
were collected. 

2.3. EV Size Distribution 
SEC fractions from 7 to 11 obtained from both serum and saliva were pooled together 

and characterized by NTA (NanoSight NS300; Malvern, Panalytical LTD, Malvern, UK) 
to evaluate the size distribution and concentrations of EVs. For the analysis, all samples 
were diluted in fresh filtered phosphate buffered saline (PBS) (saliva 1:10–serum 1:100) and 
then injected in the sample chamber through a syringe pump that provides a continuous 
flow of new particles into the sample chamber. Recordings of the movements of particles 
were collected for 60 s, five times for each sample. In parallel, the total protein content 
of the EV-containing fractions (7–11) was measured by BCA assay (Pierce BCA assay kit, 
Scientific, Waltham, MA, USA) after EV lysis in 1X RIPA buffer. 

2.4. EVs Purity Assessment 
In order to determine the purity of both serum EVs and SEVs, the COlorimetric 

NANoplasmonic (CONAN) Method was performed [28,29]. To start the CONAN assay, 
spherical gold nanoparticles (GNPs) were prepared using the classic Turkevich’s citrate 
reduction method [30]. Briefly, 20 mL of tetrachloroauric acid solution (HAuCl4) 1 mM was  
prepared and boiled under stirring. Then, 2 mL of 1% sodium citrate was added and left 
to stir for 15 min. Thereafter, the solution was placed in an ice and H2O bath. Finally, the 
diameter and concentration values of GNPs were calculated from the UV spectrum values 
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by referring to the tables in the literature [31]. GNPs with a concentration of 6nM were used 
for the CONAN assay, mixing EV samples with GNPs in a ratio of 1:1. The aggregation 
index (AI) % for each sample was calculated in order to assess the purity of the EVs. GNPs 
in H2O and GNPs in PBS were used as controls. For EV samples, the preparation can 
be considered as having an acceptable degree of purity when the AI is not greater than 
50% [28]. 

2.5. Raman Analysis 
Before the Raman analysis, the EV-containing fractions (7–11) obtained by SEC were 

ultra centrifuged at 100,000× g for 70 min (L7-65; Rotor SW60; Beckman Coulter, Brea, CA, 
USA). A drop of freshly isolated and concentrated EVs (4 μL of serum EVs and 20–30 μL of 
SEVs) was deposited on a CaF2 disk and dried at room temperature. The Raman analysis 
was performed using a Raman microscope Aramis (Horiba Jobin-Yvon, Palaiseau, France), 
equipped with a 532 nm laser source, and following a previously described method for 
the bulk characterization of EVs [32–34]. First, the instrument was calibrated using the 
silicon reference band at 520.7 cm−1. For all the analysis, a 50× objective (Olympus, 
Tokyo, Japan) was used, with acquisition time of 30 s for two accumulations, diffraction 
grating at 1800 grooves/mm, 400 μm entrance slit and hole at 600 μm. Spectra were 
acquired using LabSpec6 software (Horiba Scientific) in the spectral ranges 500–1800 cm−1 

and 2700–3200 cm−1 with a spectral resolution of 0.8 cm−1/step for the first range and 
0.6 cm−1/step for the second range. For all samples, about 20 spectra were acquired for 
each drop, both at the edges and in the center of the drop area. Afterwards, all the acquired 
spectra were fit with a polynomial baseline, resized on the reference band at 1554 cm−1 for 
the first range and 2938 cm−1 for the second range. Normalization was performed through 
unit vector normalization in order to compensate for autofluorescence and background 
interference. Finally, adapting the Mihàly’s protocol for IR spectroscopy [35], Raman 
spectra were used to measure the spectroscopic ratios of nucleic acids–proteins (AC/P) and 
proteins–lipids (P/L) for both serum EVs and SEVs, as previously described [33]. 

2.6. Statistical Analysis 
Raman spectra were analyzed by descriptive and multivariate statistical analysis 

using OriginPro2022 (OriginLab, Northampton, MA, USA) as previously described [32,33]. 
Average Raman spectra were obtained for serum-derived EVs and SEVs. The Mann– 
Whitney non-parametric test was used to compare data obtained from EV characterization 
(i.e., NTA analysis). The index was identified as statistically relevant for p-values < 0.05. 

3. Results 
3.1. EV Physico-Chemical Characterization 

The EVs were isolated from all considered serum and saliva samples by SEC. The 
NTA analysis was performed on the pooled SEC fractions (from 7 to 11) containing EVs 
to evaluate their dimensions and concentrations. As expected, serum EVs (mean con-
centration: 2.4 × 1010 particles/mL) proved to be more concentrated than SEVs (mean 
concentration: 3.2 × 109 particles/mL) (p = 0.012, Mann–Whitney test; Figure 1a). On the 
other hand, serum EVs and SEVs showed comparable size distribution (Figure 1b) and 
approximately the same mean sizes at 136 nm and 135 nm, respectively. Considering the 
total amount of proteins measured by BCA, EV samples isolated from serum contained a 
higher concentration of proteins compared to SEVs (Figure 1c) (p = 0.019, Mann–Whitney 
test), while the amount of proteins per particle was increased in SEVs compared to serum 
EVs, with a statistically significant difference (p= 0.036, Mann–Whitney test) (Figure 1d). 

To investigate the source of the increased protein concentration per particle, the CO-
NAN assay [28] was performed to evaluate the degree of purity of serum EVs and SEVs and 
to verify whether the protein corona could account for the increased protein concentration. 
As shown in Figure 1e, GNPs in contact with SEVs and serum EVs changed their local-
ized surface plasmon resonance (LSPR) peak indicating aggregation. The CONAN results 
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showed a mean AI equal to 14.33% for the SEV preparation, while serum EVs presented 
an AI equal to 26.4%, indicating a higher purity for the SEV preparation compared to the 
serum-derived EVs (Figure 1f). 
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Figure 1. Physico-chemical characterization of extracellular vesicles isolated from serum (serum 
EVs, red) and saliva (SEVs, blue). (a,b) Data obtained by NTA analysis allow the comparison 
of particle concentration (a) and size distribution (b) of vesicles obtained from serum and saliva. 
(c) Box plot showing the values of protein concentration obtained by colorimetric microBCA protein 
assay. (d) Purity of EV preparation expressed as the ratio of μg of protein per particle, calculated by 
colorimetric microBCA protein assay and NTA, respectively. (e) UV spectra of aqueous dispersion 
of GNPs 6nM (black), GNPs dispersed in 10 mM PBS (green), GNPs with SEVs (blue; mean and 
standard deviation) and GNPs with serum EVs (red; mean and standard deviation). (f) Aggregation 
index (AI%) for each sample obtained by the nanoplasmonic assay. * indicates p < 0.05, ** p < 0.01 
after Mann–Whitney test. 

3.2. Raman Analysis 
The Raman analysis was performed starting from previously optimized parameters for 

EV characterization [32–34]. The biochemical fingerprint of EVs was obtained investigating 
two spectral ranges: 500–1800 cm−1 and 2700–3200 cm−1. For the EVs isolated from serum 
(n = 5) and saliva (n = 5) samples, the average spectra (±standard deviation) were calculated 
demonstrating (i) a good signal-to-noise ratio in both samples and (ii) the applicability of 
the proposed spectroscopic procedure for saliva-derived EVs (Figure 2a,b). The fingerprint 
of EVs from both biofluids showed peaks in the Amide I and Amide III regions as well 
as bands in the spectral ranges accounting for lipid components and nucleic acids, as 
expected from previous studies [32,36,37]. For an easier visualization of the major spectral 
differences, the average spectra of serum-derived EVs and SEVs are overlapped in Figure 2c. 
As shown, the differences between the experimental groups are more prominent in the 
first spectral range (500–1800 cm−1). Indeed, some peaks overlap and others are shifted, in 
particular the average spectrum of SEVs presents a shifted peak at 971 cm−1, relating to the 
C-C stretch of carbohydrates. 
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Figure 2. Raman fingerprint of serum- and saliva-derived EVs obtained using 532 nm laser line. 
(a) Average Raman spectrum of EVs isolated from serum samples of human healthy volunteers. 
(b) Average Raman spectrum of SEVs isolated from saliva samples of human healthy volunteers. In 
(a) and (b) shadow represent the standard deviation. (c) Overlapped spectra obtained from EVs 
isolated from serum (red) and saliva (blue) from the same subjects. Black lines on top of the graphs 
indicate some of the main macromolecular assignments. 

Besides the presence of differences in the relative intensities of some peaks, serum EVs 
and SEVs presented characteristic peaks in their average spectra, as indicated by arrows in 
Figure 2c. As for SEVs, in the nucleic acids region, peaks at 618 cm−1 and 787 cm−1 are 
present that are absent in the mean spectrum of serum EVs, as well as peaks related to 
carbohydrates (898 cm−1) and proteins (1209 cm−1). Furthermore, the peak at 1380 cm−1 

relating to C-H bending is well evident in the SEV spectrum, but not in the one for serum 
EVs. As regards the spectral range attributable to Amide I, in the SEV spectrum there is 
a peak at 1616 cm−1, while a peak at 1666 cm−1 is present for serum EVs. In the second 
range (2700–3200 cm−1), the main peaks related to lipids were observed both in the serum 
and saliva EV spectra, with a higher intensity in the spectrum of the serum EVs. The peak 
assignments reported in Table 1 were based on previous literature [32,38,39]. 

Table 1. Raman peak assignments. The table reports the assignments of the main peaks that can be 
identified in the overlapped spectra of serum-derived EVs and SEVs. 
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cm−1 Assignment cm−1 Assignment 

760 Tryptophan 618 C-C twisting (protein) 
937 C-C stretch 760 Tryptophan 

1002 Phenylalanine 787 Phosphatidylserine 
1064 Lipids 898 Monosaccharides 
1131 Fatty acid 971 C-C stretch 
1207 Hydroxyproline, Tyrosine 1060 Lipids 
1440 CH2 lipids 1209 Tryptophan and phenylalanine mode 

1600–1800 Amide I 1290–1400 CH-bending 
2700–3500 Stretching vibrations of CH, NH, OH 2700–3500 Stretching vibrations of CH, NH, OH 
2800–3050 Contributions from acyl chains 2800–3050 Contributions from acyl chains 
2929–2940 CH2 asymmetric stretch 2929–2940 CH2 asymmetric stretch 

To better elucidate the differences between the serum EVs and SEVs, the spectroscopic 
ratios NA/P and P/L were calculated. The NA/P and P/L were obtained by dividing 
the relative intensities of the nucleic acids band (720–800 cm−1) by the Amide I band 
(1600–1690 cm−1), and the Amide I band (1600–1690 cm−1) by lipids band (2750–3040 cm−1), 
respectively. As shown in Figure 3a, the spectroscopic NA/P ratio obtained from SEV 
was statistically higher than the ratio obtained from serum EVs (p = 1.7 × 10−7—Mann– 
Whitney test) suggesting a difference in the nucleic acids load between the two experimental 
groups of samples. On the other hand, the spectroscopic L/P ratio showed no significant 
differences (Figure 3b, p > 0.05—Mann–Whitney test). 
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Figure 3. Spectroscopic nucleic acid-to-protein and protein-to-lipid ratios. Box plots showing the 
spectroscopic nucleic acid-to-protein ratio (nucleic acid/protein) in (a) and protein-to-lipid ratio 
(protein/lipid) in (b). Differences in the nucleic acid/protein and protein/lipid values obtained for 
serum-derived EVs and salivary EVs (SEVs) were compared. *** indicates p < 0.001 after Mann– 
Whitney test. 

4. Discussion 
In recent years, EVs have become an important object of study as potential disease 

biomarkers. However, one of the main difficulties is related to their small size, which 
makes it difficult to efficiently separate and prepare EVs, especially from complex liquid 
biopsies such as blood [4,5,19]. To date, there are still few studies that have used saliva as 
the biofluid for the isolation of EVs. It was previously reported that SEVs can carry cancer-
cell-specific proteins and enter saliva from the blood in patients with lung cancer [19], and 
brain-derived EVs (L1CAM+) have also been found in the saliva of people with Parkinson’s 
disease [23], as were amyloid-beta and p-tau markers of Alzheimer’s disease [40]. However, 
one of the major limits for the use of saliva as a source of EVs for diagnostic purposes is the 
common knowledge that saliva EV concentration is significantly lower than in blood [41], 
although it contains most of the major soluble constituents of blood. 

In the present preliminary study, we proposed the comparison of EVs isolated from 
serum and from saliva, in order to deepen the understanding of their biochemical features 
and reconsider the possibility of using SEVs as potential biomarkers in diagnostics. First 
of all, the collection of the two biological fluids took place, respectively, through blood 
sampling and through the mastication of salivary swabs (Salivette®). The use of a cotton 
swab for saliva collection allows the removal of any food residues and the filtering of any 
viscous salivary component in the saliva, which would be obstacles for the isolation of 
EVs [19]. We herein report that serum EVs are more concentrated than SEVs, confirming 
the data in the literature [41], although the concentration of serum EVs observed by NTA 
could be overestimated due to the co-isolation of lipoproteins, especially very low density 
lipoproteins (VLDL) that are smaller in size than EVs but have the same density. On the 
other hand, saliva does not contain lipoproteins, thus resulting in a lower concentration of 
isolated particles in saliva. In addition, we registered a higher concentration of total protein 
content in serum EVs compared to SEVs, allowing us to hypothesize that either serum 
EVs are loaded with a consistently higher amount of proteins, or that protein co-isolation 
occurs, or both. Indeed, it is well known that EVs that circulate in blood have the so-called 
protein corona, which consists of proteins that can be found anchored to the vesicles and 
cannot be separated from the outer membrane of EVs during isolation, some of them being 
part of the protein cargo adsorbed to EVs, but also partly recruited in body fluids after 
vesicle shedding [42,43]. The hypothesis of a more consistent protein corona on serum EVs 
compared to SEVs was supported by the CONAN assay results that showed a higher level 
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of purity for SEVs than for serum EVs, i.e., a reduced amount of co-isolated proteins. The 
principle of the CONAN assay is based on the high surface energy of the GNPs. Indeed, 
when the GNPs reacted with SEVs, the color of the solution immediately changed from 
red to blue, indicating an aggregation with the membrane proteins of the EVs that would 
not happen if other contaminants/co-isolates were present in the sample. Considering a 
100% AI for a solution of not aggregated GNPs (GNPs in water), a lower AI% referred to a 
sample with few contaminants and we found that the serum EV samples were richer in 
co-isolates than the SEV samples. Finally, it is worth noting that the calculated ratio μg of  
protein per particle was greater for SEVs than for serum EVs, suggesting that SEVs could 
have a limited protein corona but a major protein load in their core. 

To evaluate the biochemical features of EVs from blood and saliva, we took advantage 
of RS, a vibrational spectroscopy method that, in recent years, has been proven to ensure 
high chemical specificity and a fast analytical procedure also in the EV field. Specifically, 
RS allowed us to rapidly and accurately characterize EVs, providing detailed information 
on the average composition of external and inner molecules, demonstrating its remarkable 
potential for both basic research and translational EV analyses. In the present study, we 
applied a previously optimized acquisition protocol that was already proven to be able to 
comprehensively evaluate the biochemistry of a sample starting from tiny volumes of EV 
suspension [32–34]. The RS analysis revealed biochemical differences between the serum 
EVs and SEVs, both in terms of variations in the intensity and in the presence of some 
characteristic peaks. Indeed, the differences in the biochemical composition found in the 
Raman spectra of SEV and serum EVs could explain differences in the cellular origin of 
EVs circulating in the two biofluids and also differences in the molecules loaded and/or 
co-isolated with EVs. Major differences were found in the Amide regions, thus accounting 
for differences both in the internal cargo and in the protein corona, and in the carbohydrate 
components, that could be explained by differences in the glycosylation of proteins and 
lipids present within vesicles. Concerning the latter observation, it has to be noted that 
most EVs in saliva are expected to be originated from the respiratory tract, and thus the 
observed differences in the carbohydrates could account for the presence of mucins within 
or adsorbed to SEVs. Mucin is a highly glycosylated protein that is produced by the cells of 
ciliated epithelium of upper airways and it is known that vesicles originated from these 
cells express different forms of mucin on their surface (i.e., MUC1, MUC4 and MUC16) that 
protect against pathogens and maintain the structure of vesicles [44]. For this reason, we 
can speculate that mucin might explain some of the major differences in the Raman spectra 
of SEVs and serum EVs, although further studies are needed to verify its presence and the 
cellular origin of SEVs. Furthermore, it was observed that the spectroscopic ratio NA/P was 
statistically different between the mean spectra of SEV and serum EVs, while the P/L ratio 
was comparable in the two sample preparations. In this regard, we may speculate that SEVs 
may have a higher cargo of nucleic acids than serum EVs, being potentially valuable cargo 
also for RNA biomarkers. This is in line with previous literature demonstrating that SEVs 
have been found to carry tRNA-derived small RNAs (tsRNAs) which represent important 
biomarkers for the diagnosis and prognosis of esophageal squamous cell carcinoma [20], as 
well as carriers of genetic biomarkers for traumatic brain injury (TBI) [21]. 

5. Conclusions 
In conclusion, we propose the use of RS for the characterization of salivary EVs, even 

with diagnostic purposes. Using a comparable protocol for both liquid biopsies, SEVs 
showed greater purity in terms of co-isolates, including both lipoproteins and protein 
corona. Moreover, the sensitivity of the Raman bulk characterization of EVs is not lim-
ited by the low concentration of SEVs compared to serum EVs, and it is able to provide 
a comprehensive characterization of EVs in a high throughput and repeatable manner. 
Consequently, our preliminary data suggest a new perspective on the use of SEVs when the 
interference of lipoproteins might hinder biomarker detection or when blood withdrawal is 
hampered. Raman spectroscopy can represent a turning point in the application of salivary 
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EVs in clinics, taking advantage of the simple method of collection of the liquid biopsy and 
of this quick, sensitive and label-free biophotonics-based approach. 
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