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ABSTRACT 

 
Inflammatory bowel disease (IBD) and cardiovascular disease (CVD) represent two 

distinct yet urgent healthcare concerns. IBD, characterised by chronic inflammation of 

the gastrointestinal tract, poses a significant burden on the affected individuals. Both 

conditions require early and accurate diagnostic methods to optimise patient care and 

treatment outcomes. Conversely, CVD continues to be a leading global cause of 

morbidity and mortality, necessitating innovative approaches to diagnosis and 

monitoring. Here, we explore the transformative potential of Raman spectroscopy (RS) 

as a rapid and non-invasive diagnostic tool in the assessment of saliva and blood 

plasma. The multidimensional approach combining RS with multivariate analysis 

unveils distinct molecular profiles thus enabling early and accurate disease diagnosis. 

Classification accuracies of >88 % are demonstrated between three sample types 

applied to healthy, CVD and follow-up blood plasma. Similarly, in IBD, classification 

yields accuracies >90 % over four sample types applied to saliva and tissue. This 

further extends into biomarker discovery, unveiling novel CVD- and IBD-indicative 

molecular signatures. Feature extraction, inherently connected to classification results, 

indicates an increase in circulating cytokines, a hallmark of inflammation in both CVD 

and IBD. Extracellular vesicles (EVs), as biomarkers serve as key carriers of disease-

specific biomolecules, therefore, rendering them invaluable in diagnostics and 

personalised treatment. Conventional EV isolation methods suffer from several 

limitations such as, low throughput, sample loss, limited scalability and EV damage 

thus this has led to the exploration of alternative EV isolation techniques. The 

developed methodologies harness the power of RS to redefine the paradigm of 

disease diagnosis and risk stratification and as a means of increasing diagnostic 

accuracy, bridging the translational gap, and facilitating the clinical integration of RS-

based diagnostics via a novel lab-on-a-chip (LoC) platform for the isolation and 

separation of disease-indicative EVs from biofluids. The developed platform marks a 

significant advance in utilising the diagnostic potential of EVs, offering a streamlined 

and efficient approach to their isolation and analysis.  
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Chapter 1 

One of the biggest public health challenges faced worldwide is the growth of the global 

ageing population. This is in part due to advances in medical care and a decline in birth 

rates. Associated with this particular healthcare challenge is the increase in incidence 

of chronic health conditions, such as cardiovascular disease (CVD) and inflammatory 

bowel disease (IBD) [1], [2]. The period of life spent in good health is not keeping pace 

with the increase in life expectancy and on average an adult will spend ten years of 

their life unwell. This in turn is contributing to a higher demand on the health care 

system. The steadily rising elderly population will require more from the health and 

social services, for a longer period of time as patients with multiple physiological age-

related diseases require long term management with repeated visits from health care 

professionals. To date, coupled with an inadequate funding, this pressure on the 

healthcare system has been negatively impacting the quality of care given to patients.  

 

Clearly there is an unmet need for interventions which can increase the period of time 

individuals spend in good health and also ensure that they reach an old age in good 

biological health. At present, there is no easy way of determining the biological age of 

individuals or assessing if someone is ageing well in the community without the 

application of a costly and time-consuming assay that involves epigenetic assessment. 

Therefore, the development of a quick, disposable, simple and low-cost bedside device 

to measure potential biomarkers of ageing and associated disease, from readily 

available biofluids, such as blood-plasma or saliva would be of a vital importance and 

a major step towards the determination of individual’s ageing and diseased state [3], 

[4]. It would also allow for the accurate measurement of the efficacy of specific clinical 

therapies and interventions in diseases, indicating how an individual is clinically 
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progressing. Current diagnostic methods for diagnosis of inflammatory bowel disease 

(IBD) face several challenges in terms of invasiveness, cost and accessibility, delays 

to diagnosis, limitations with biomarkers, and risk of complications. The aim of this 

work is to therefore develop a hybrid methodology for real-time, quantitative diagnosis 

of IBD and CVD from easily accessible biofluids, including saliva.   

 

One of the more patient oriented methods aimed at overcoming some of these 

challenges is the point of care diagnostics (PoCT). The development of a PoCT would 

reduce the number of costly and often frequent hospital visits required for diagnosis 

and monitoring of disease, through the introduction of analytical testing in primary care 

settings and indeed, at the home environment. PoCT devices would be convenient and 

efficient for patients and reduce the time spent waiting for a definitive diagnosis thus, 

not only improve diagnosis but also save many lives.  
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1.1 Thesis Overview 

This thesis presents a comprehensive investigation into the development of a lab-on-

a-chip platform for the detection of extracellular vesicles as key targets of ageing and 

the associated diseases of IBD and CVD. To achieve this, the study is divided into 

eight main chapters, each focussing on a specific aspect of the research. 

 

Following Chapter 1 as a general introduction to the thesis, Chapter 2 serves as an 

introduction to inflammatory bowel disease pathophysiology and diagnostics, exploring 

clinically adopted methodologies. Further to this, the application of saliva in healthcare 

diagnostics is investigated, with the healthcare advantages associated with saliva 

highlighted. This is followed by an introduction to Raman spectroscopy, which provides 

the fundamental framework for our experimental study. Additional applications of 

Raman spectroscopy in saliva and IBD diagnostics are demonstrated, highlighting 

recent progress, current challenges and limitations. The primary results are described 

in Chapters 3-7, with 3-5 comprising self-contained articles published during the 

respective studies. Collectively, these chapters address the following key aims: 

• Chapter 3: Develop proof-of-concept Raman spectroscopy profiling and 

classification methodology, towards establishing a baseline of healthy saliva 

for ongoing and future spectroscopic studies, to include diagnostic and 

forensic applications. 

• Chapter 4: Demonstrate the potential of Raman spectroscopy to detect 

salivary changes consistent with IBD and compare those with spectra 

obtained from endoscopic tissue biopsy to establish a useful non-invasive 

diagnostic adjunct.  
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• Chapter 5: Evaluate the potential of Raman spectroscopy in the identification 

of IBD biomarkers via the characteristic barcoding of biochemical 

fingerprinting for current emerging diagnostic and prognostic studies. 

• Chapter 6: Develop proof-of-concept hybrid Raman-AI tool to detect 

biochemical changes indicative of cardiovascular disease from blood plasma 

and to further classify a panel of potential biomarkers of disease for early 

disease diagnosis.  

• Chapter 7: Design and develop a unique optofluidic lab-on-a-chip via novel 

nanophotonic-sensing platforms for detection and analysis of extracellular 

vesicles, indicative of ageing and the associated diseases. 

 

Although the structure includes some areas of overlap, each chapter explores differing 

disease avenues to build a highly informative Raman spectral library of disease, central 

to the presented healthcare challenge. The developed tools and methodologies are 

combined and expanded in Chapter 7 in an attempt to bridge the gap between 

benchtop laboratory research and point of care assessment, in the form of a lab-on-a-

chip system for the rapid diagnosis of CVD and IBD, with the platform resulting in two 

patent applications. As healthcare processes tend to be ‘re-active’ as opposed to pro-

active’ in their approach to diagnosis, this leads to a delay in diagnosis, treatment and 

poor prognosis. Addressing these challenges and ensuring the timely intervention and  

diagnosis of ageing associated disease requires, just the revolution in approach that 

this work embodied combining an inherently interdisciplinary methodology. 
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Chapter 2 

 
This introductory thesis chapter is predominantly based on two previously published 

works. 

 

1. Buchan E., Hardy M., Carvalho Gomes P., Kelleher L., Chu H.O.M., Goldberg 

Oppenheimer P. [2022], ‘Emerging Raman spectroscopy and saliva-based 

diagnostics: from challenges to applications.’ Applied Spectroscopy Reviews, 

130351 

 

Author contributions – E Buchan conceptualised the review with M. Hardy and P. 

Goldberg Oppenheimer. E Buchan performed meta-analysis with M. Hardy. E 

Buchan wrote the manuscript with contributions to illicit drugs section from M. Hardy, 

dental applications from H.O.M. Chu, protein analysis from P. Carvahlo Gomes and 

forensics from L. Kelleher. E Buchan revised and edited the manuscript with P. 

Goldberg Oppenheimer and M.Hardy. 

 

2. Buchan E. and Goldberg Oppenheimer P. [2023], ‘Review – Vibrational 

spectroscopy aided diagnosis, prognosis and treatment of inflammatory bowel 

disease.’ Clinical and Translational Discovery, DOI: 10.1002/ctd2.249 

 

Author contributions – E Buchan conceptualised the review with P Goldberg 

Oppenheimer. E Buchan performed the literature review and wrote the manuscript. 

E Buchan with P Goldberg Oppenheimer edited and reviewed the manuscript. 
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Inflammatory bowel disease (IBD) is a group of chronic inflammatory intestinal 

conditions which affects an estimated 10 million people worldwide [1], [2]. The 

incidence and prevalence of IBD varies considerably both between and within 

geographic regions with North America and Northern Europe accounting for the 

highest incidence at 15.4 people per 100,000 and 23.1 per 100,000 [3]. Over time, the 

prevalence of IBD is increasing primarily due to the chronic condition, lacking a 

definitive cure. Further factors contributing to this trend include young age of onset, 

relatively low mortality rates and the potential for exponential growth due to increasing 

incidence rates as well as an aging population [4]. Despite extensive research, the 

precise aetiology of IBD remains unclear, with factors such as variations in the immune 

system response, genetic factors, and environmental influences implicated in its 

development [5], [6], [7], [8]. Clinically, IBD is categorised into two major types, 

ulcerative colitis (UC) and Crohn’s disease (CD), distinguished by their symptomatic 

presentations, location of inflammation, and histopathological characteristics. UC 

typically causes persistent inflammation and superficial ulceration limited to the colon, 

whereas CD manifests as a transmural disease with a tendency for granuloma 

formation and can arise in any part of the GI tract [9], [10]. Currently, there is no known 

cure for the disease. Initial signs of IBD often appear upon exposure to medications or 

an infection, which irritates the intestines with common symptoms including abdominal 

pain, diarrhoea (oftentimes with blood), faecal incontinence, rectal bleeding, weight 

loss and malnutrition [11], [12], [13], [14]. Complications associated with IBD can lead 

to life-threatening conditions such as, the development of colon cancer, primary 

sclerosing cholangitis, coronary artery disease, and endothelial dysfunction.  
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2.1 Pathophysiology and Pathobiology of IBD 

The intestinal mucosa consists of several key components; epithelial cells which form 

a monolayer closely connected by tight junctions thus preventing bacteria or antigen 

entry into the circulation, goblet and Paneth cells which limit the spread of luminal 

microorganisms via the production of mucus and secretion of a-defensins with intrinsic 

antimicrobial activity, respectively, as well as stroma and immune cells [1], [2]. The 

intestine is a highly dynamic tissue organised as a series of protrusions and 

invaginations, known as villi and crypts of Lieberkühn respectively. This epithelial layer 

serves a dual purpose of facilitating nutrient absorption whilst also acting as a physical 

barrier against luminal contents. It also interacts with both the gut microbiota and the 

immune system, transmitting and receiving signals from both [3]. Beneath the 

epithelium lies the lamina propria which contains stromal cells including fibroblasts, 

myofibroblasts, and perivascular pericytes, which contribute to fibrosis and wound 

healing.  Plasma cells, also found in the lamina propria, release immunoglobulin A 

(IgA), which inhibits the infiltration of pathogenic microorganisms, thus maintaining a 

balance between the host and commensal microbiota [4], [5] (Figure 2.1). Both the 

epithelium and non-immune intestinal components play crucial roles in intestinal 

homeostasis and IBD pathophysiology, often through interactions with components of 

the immune system [6], [7]. 
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Figure 2.1. Schematic illustrating the mechanism of inflammation in IBD and the 

intestinal structure in both healthy and IBD patients. The immune system triggers an 

abnormal response which results in tissue damage in the GI tract (Figure created in 

Biorendor.com, adapted from IBD inflammation template). 

  

The immune system plays a central role in host defence against pathogens and 

consists of innate and adaptive immunity. Innate immunity, comprising myeloid cells 

amongst others, elicits a rapid and non-specific response to microbial products through 
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pattern recognition receptors (PRRs) like toll-like receptors (TLRs) and Nod-like 

receptors (NLRs) [8], [9]. Innate immune cells also generate cytokines and 

chemokines, thus triggering the complement cascade and phagocytosis, as well as 

stimulating adaptive immunity via antigen presentation. Key innate immune cells 

include neutrophils, monocytes, macrophages, and dendritic cells [10], [11]. 

 

Although the exact aetiology of IBD remains elusive, it appears to present in individuals 

with genetic predispositions due to an aberrant immune response to the intestinal flora. 

Dysregulation in both innate and adaptive immune responses have been linked to such 

an abnormal immune response in IBD patients [12], [13]. Characteristic to IBD are 

breaches in the epithelial barrier and increased intestinal permeability at various areas 

within the intestine, along with persistent mucosal damage. While the precise cause of 

this damage is often unidentified, potential triggers could include infectious agents, 

chemical compounds, or metabolic changes potentially linked to dietary-induced 

dysbiosis [14], [15], [16]. Subsequently, the disease is believed to be perpetuated by 

an inadequate resolution of the initial inflammatory response as a result of intestinal 

injury. There also remains a degree of uncertainty regarding whether alterations in the 

epithelial barrier occur before or after the onset of inflammation within the lamina 

propria.   

 

2.1.1 Crohn’s Disease 

CD may present at any age; however, it typically begins between 15 and 30 years of 

age. There is a familial predisposition to CD, with first-degree relatives seeing a 13-

18% increase in incidence, suggesting a genetic component. A key pathological 



 

 13 

Chapter 2 
feature of CD is its ability to extend through all layers of the bowel wall. Examination 

of tissue samples from individuals with CD reveals several microscopic abnormalities, 

including lymphoid hyperplasia, widespread infiltration of granulomas, and discrete 

noncaseating granulomas in the submucosa and lamina propria [17], [18]. Early 

mucosal lesions in CD often manifest as aphthous ulcers, small superficial ulcerations. 

Over time, these lesions can enlarge and merge, forming longitudinal and transverse 

ulcers with a distinctive cobblestone appearance due to deep mucosal ulceration and 

submucosal thickening. Another characteristic feature of CD is the presence of patchy 

lesion distribution with sharply delineated areas of disease surrounded by normal 

mucosa [19], [20]. 

 

In CD, immune cells such as CD4, CD8, B-cells, CD14 monocytes and natural killer 

cells infiltrate the gut of CD patients, with the T-cell response dominated by T-helper 1 

(Th1) cells [21], [22], [23], [24]. Activation of immune cells leads to the production of 

various inflammatory mediators such as cytokines, chemokines, and growth factors. 

These mediators contribute to the inflammation and tissue damage, ultimately resulting 

in the clinical symptoms of disease [22], [23], [24], [25]. 

 

2.1.2 Ulcerative Colitis 

UC typically presents in individuals aged between 20 and 50 years of age as either 

acute attacks or as a chronic condition with minimal pain. While approximately 70% of 

patients experience complete symptom remission between intermittent episodes, 

around 15% endure continuous symptoms without. Symptoms typical of UC 

presentation include rectal bleeding with diarrhoea, with periods of remission and 
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episodes of relapse [26].  UC primarily affects the mucosa lining the colon, extending 

from the rectum to the cecum. Unlike CD, UC is confined to inflammation of the 

mucosal layer and does not extend through the entire thickness of the intestinal wall. 

Sharp localised abdominal pain and fistula formation are, however, rare in UC. Instead, 

extensive superficial mucosal ulceration develops alongside chronic inflammation and 

the concurrent release of a diverse array of inflammatory mediators [27], [28], [29]. 

 

Histopathological examination of UC typically reveals neutrophil-mediated epithelial 

injury, which may present as neutrophils infiltrating crypt epithelium (cryptitis), 

infiltration of surface epithelium with or without mucosal ulceration or as a collection of 

neutrophils within crypt lumens (crypt abscesses) [30]. These crypt abscesses can 

spread laterally, compromising mucosal integrity, and leading to the formation of 

pseudo polyps observed during endoscopy and radiography. Following mucosal 

damage, the healing process involves the formation of highly vascular granulation 

tissue [13]. Given that UC shares many histological features with various other 

inflammatory disorders of the colon, including infections, diagnosis relies on the 

identification of specific clinical and pathological criteria and the exclusion of alternative 

causes. In terms of the immune response, UC may be driven by a Th2 response 

involving interleukin-4 (IL-4) and IL-13 or mediated by specialised cells such as natural 

killer T cells (NKT) [31], [32], [33].    

 

2.2 Diagnostic Methodologies 

IBD typically presents as a sudden flare-up symptom with the majority of individuals 

diagnosed under the age of 35. At present there is no single test to diagnose IBD as 
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the symptoms of the disease significantly overlap with other conditions, including 

infections and other digestive system disorders [31]. Thus, a typical IBD diagnosis 

comprises a combination of a physical exam, colonoscopy, upper endoscopy with 

biopsies, stool sample analysis, imaging (computerised tomography (CT), magnetic 

resonance imaging (MRI) or X-rays) and blood work such as ASCA and ANCA 

antibodies [34], [35]. Current diagnostics of IBD are associated with certain challenges 

such as, the ‘gold standard’ colonoscopy and endoscopy being invasive, time-

consuming, not timely enough and may risk infection in patients. Moreover, distinct 

morphological or structural abnormalities may not be apparent in early pathologies 

[36]. Blood and stool tests often lack sensitivity and specificity and may fail to detect 

mild or early-stage disease [34], [37], [38]. Furthermore, imaging such as MRI and CT 

entail high costs, placing a burden on healthcare systems with access to such 

specialised tools and the required expertise often limited, particularly in remote 

geographical locations, causing delays in diagnosis and treatment.    

 

Early and accurate detection of IBD is crucial in providing appropriate interventions. It 

can further facilitate monitoring the progression of disease as well as the therapeutic 

responses. However, timely diagnosis of IBD still remains an unmet need. With an 

overlap in presentation, symptoms and disease progression, discrimination of UC from 

CD is essential when selecting the most appropriate therapeutic or surgical regimen to 

improve patient prognosis. The determination of the correct therapeutic regime is often 

evaluated based on the severity of active inflammation which is often further 

complicated by the lack of recognised gold standards for accurate diagnosis [39]. 

Clinically, IBD diagnosis is based on a combination of symptom presentation, 
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histological and endoscopic evaluation of the mucosa [40]. This diagnostic process is 

both time consuming and highly invasive. Moreover, endoscopic evaluation of chronic 

colitis varies between CD and UC with 89% of patients with endoscopists often facing 

a disease with a non-differentiating appearance and histopathologists one of 

inflammation consistent with both forms of the disease [40], [41]. This further highlights 

the need for non-invasive, rapid, and accurate tools to reduce the burden of disease 

diagnosis as well as successfully differentiate UC from CD. The use of salivary 

biomarkers is currently being investigated for the diagnosis and monitoring of various 

diseases including IBDs and cancers due to its non-invasive collection and its 

constituents containing a diverse array of biomolecules reflective of systemic health 

and diseased states.  

 

2.4 Saliva  

In recent years, biofluid analysis has become a significant area of research, driven by 

the recognition that many biomarkers can be identified and thus serve as valuable 

indicators of disease [42], [43], [44], [45]. Saliva is central to the preservation and 

maintenance of oral health; however, it often receives little attention until the overall 

quality or quantity has declined. Beyond its oral functions, saliva contains a diverse 

array of molecules, including proteins, enzymes, hormones, and genetic material, 

making it a rich source of biological information [46], [47]. Recent advancements in 

analytical techniques have unlocked the potential of saliva as a non-invasive tool for 

disease diagnosis and monitoring of health status. Pfaffe et al. acknowledged the 

potential of saliva early on, noting that while technologies with sufficient analytical 

sensitivity exist to utilise saliva for diagnosis, they have yet to be widely integrated into 
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clinical practice beyond simple home-testing kits [48]. More comprehensive research 

into identifying, validating, and establishing associations between biomarkers and 

disease is required to progress this field of study. 

 

2.4.1 Saliva Function 

Saliva plays a fundamental role in maintaining oral health and supporting various 

physiological functions throughout the body. One of its primary functions is lubricating 

the oral cavity, which is necessary for speech, mastication, and swallowing, facilitating 

the passage of food through the digestive tract without inflicting damage to the mucosa 

[49], [50]. Saliva also acts as a natural cleanser, with the oral cavity almost constantly 

flushed with saliva, thus, washing away food particles, debris, and bacteria from the 

teeth and gums, thereby aiding in the prevention of dental decay and gum disease 

[51], [52], [53]. Furthermore, enzymes such as amylase found in saliva initiate the 

digestion of dietary starches, and lipase, which begins the breakdown of fats, 

contributing to the digestive process. Additionally, saliva contains three buffer systems 

(bicarbonate, phosphate, and protein) helps to maintain the pH balance (6.0-7.5) within 

the mouth [46], [49], [54], [55], [56]. Depending upon the taste, consistency, and 

concentration of a substance placed in the oral cavity, the flow of saliva will increase 

accordingly. When the volume of saliva is approximately 1.1 mL the swallowing reflex 

is triggered. This process of salivary stimulation, along with the dilution of tastes and 

subsequent act of swallowing, continues until the flavour concentration reaches a 

threshold where it no longer stimulates salivary flow [55], [56]. 
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Beyond its oral functions, saliva contains antimicrobial compounds, such as lysozyme 

and lactoferrin, and antibodies that play a crucial role in protecting against oral 

infections and promoting wound healing [46], [54]. Saliva also serves as a reservoir for 

various substances, including hormones, electrolytes, and antibodies, which can be 

sampled and analysed for diagnostic purposes, offering insights into systemic health 

conditions [57], [58]. The overall multifaceted functions of saliva highlight its 

importance in oral health, digestion, immunity, and diagnostic medicine. 

 

2.4.2 Saliva Composition 

Saliva, primarily composed of water (~99%) and typically exhibiting a frothy texture, is 

primarily produced by three pairs of major salivary glands: the parotid, submandibular 

and sublingual glands, along with numerous minor salivary glands scattered 

throughout the oral cavity [47], [59] (Figure 2.2). The parotid glands, located near the 

ears, produce a watery type of saliva rich in enzymes, such as amylase, whereas the 

submandibular glands situated beneath the lower jaw, which accounts for up to 70% 

of salivary flow, produces a mixture of serous and mucous saliva containing both 

enzymes and mucins [50], [60]. The sublingual glands, found beneath the tongue 

primarily secrete mucous saliva which aids in lubrication and protection of the oral 

tissues [54].  
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Figure 2.2. Schematic indicating the location of the primary salivary glands; parotid, 

submandibular and sublingual and the composition of saliva. (Figure made in 

Biorendor.com) 

 

Clusters of cells called acini are the basic secretory units of salivary glands. These 

cells secrete a fluid consisting of water, electrolytes, mucus and enzymes with which 

flows out of the acinus and enters collecting ducts [55], [56], [61]. The composition of 

such secretions is altered within the ducts with the sodium predominantly reabsorbed, 

potassium secreted, and significant quantities of the bicarbonate ions also secreted. 

The smaller collecting ducts within the salivary glands converge into larger ducts, 

ultimately forming a single larger duct that empties into the oral cavity [56].  
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Collectively, proline-rich peptides (PRPs), the glycoprotein α-amylase, and mucins 

constitute nearly 80% of salivary proteins. Mucins, another crucial component, 

contribute to saliva’s viscosity, facilitating lubrication of intraoral structures, aiding 

swallowing, and forming a barrier against microbial invasion [47], [49], [50]. Saliva also 

contains extracellular vesicles (EVs), lipids, and various non-salivary constituents such 

as epithelial cells, microorganisms, and food debris [51], [62], [63]. Alongside lysozyme 

and lactoferrin, salivary peroxidase and histatins are also known to have antimicrobial 

properties. Other organic components such as, glucose, urea, cortisol, sex hormones 

and blood group substances are contained in saliva and have been used as 

screening/diagnostic tools [64], [65]. 

 

It is important to note salivary composition can be influenced by factors such as 

hormonal fluctuations, psychological states, level of physical activity, oral hygiene, and 

whether saliva production is stimulated or unstimulated [54], [63], [65], [66]. Stimulated 

and unstimulated saliva, for example, differ in composition due to the differing gland 

contributions. The submandibular glands contribute 60% of the saliva with the parotid 

accounting for a further 20% in unstimulated saliva production [67]. However, the 

parotid gland typically becomes the dominant contributor to saliva production via 

stimulation of saliva through chewing. Aside from salivary collection method, saliva 

composition naturally varies throughout the day as a result of circadian rhythm and 

yearly seasons [68]. Typically, in healthy individuals salivary flow rate peaks in the late 

afternoon, however sodium and chloride levels peak in the morning.  
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2.4.3 Saliva versus Blood 

The recognition of saliva’s utility as a diagnostic biofluid has created significant interest 

in leveraging it for disease diagnosis and monitoring in healthcare [69], [70], [71]. Only 

recently has the full potential of saliva in medical applications been recognised, 

particularly in its ability to reflect a broad spectrum of health and disease states and 

thus offering unique advantages over blood. Blood, a fluid connective tissue is 

composed of 55% plasma and 45% formed elements that include white blood cells 

(lymphocytes, monocytes, neutrophils, eosinophils, and basophils), red blood cells, 

and platelets [84]. The plasma component of blood is primarily composed of water, but 

also contains proteins such as, albumin, clotting factors, antibodies, enzymes, and 

hormones, as well as, sugars (glucose), and fat particles [86].  Analogous to blood, 

saliva contains a diverse array of constituents as previously outlined, with many of 

these components entering saliva from the bloodstream via transcellular (passive 

intracellular diffusion and active transport) or paracellular routes (extracellular 

ultrafiltration) [72], [73], [74]. Consequently, most compounds found in the blood are 

also present in saliva, thus making saliva functionally equivalent to serum in reflecting 

the body’s physiological state, including emotional, hormonal, nutritional, and 

metabolic variants [72], [73], [75]. Paffe et al. for example, have assembled an 

extensive list of biomolecules typically detected in both blood and saliva, along with 

their clinically significant ranges [76]. Such a compilation underscores markers for 

various conditions such as cardiovascular diseases and breast cancers, among others 

[73], [74], [77], [78], [79], [80], [81]. While concerns have arisen regarding relatively 

lower concentrations of diagnostic components in saliva compared to blood, advances 

in sensitive techniques, such as nanotechnology and molecular diagnostics have 
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mitigated this constraint. As a result, an increasing number of proof-of-concept 

diagnostic assays have been developed using saliva to monitor various diseases, 

including immune responses to viral infections such as hepatitis A, B and C [82], [83], 

[84], [85].   

 

Furthermore, the use of saliva as a diagnostic biofluid offers numerous advantages. 

Saliva collection is non-invasive and painless compared to the invasive procedures 

required for blood collection, thus it is more acceptable and feasible, especially in 

populations where blood draws may be challenging or undesirable [43], [74], [86], [87]. 

It also diminishes privacy issues associated with collection of urine. In addition, saliva 

can be easily collected in various settings without the need for specialised equipment 

or trained personnel, allowing for convenient sampling in field or community-based 

studies. Its non-invasiveness and ease of collection also facilitate repeated sampling 

over time, enabling longitudinal studies and monitoring of disease progression or 

treatment response without undue burden or participants [88], [89]. Moreover, saliva 

is generally more stable than blood, particularly in terms of protein and nucleic acid 

stability, and can be stored at room temperature for short periods, reducing the need 

for stringent storage conditions.  

 

Investigating saliva as a diagnostic tool effectively meets the demands for a cost-

effective, non-invasive, and user-friendly screening approach. In the clinical setting, 

saliva offers numerous benefits concerning its collection, storage, transportation, and 

capacity for large-scale sampling with each of these processes conducted more 

economically then for example, serum or urine.  
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2.5 Current Analysis Methods 

In many instances of disease, tissue biopsies are obtained for histopathological 

analysis, however the procedure is inherently invasive, uncomfortable for the patient 

and carries risks of complications. Moreover, the process of obtaining biopsies requires 

skilled personnel and specialised equipment, making it impractical for routine 

screening and monitoring of conditions. Histopathological analysis of tissue samples 

obtained from biopsies is time-consuming and reliant on expert pathologists for 

interpretation, limiting its scalability and accessibility, especially in resource-limited 

settings [31]. Other traditional approaches such as enzyme linked immunosorbent 

assay (ELISA) and polymerase chain reaction (PCR) which are commonly applied in 

biofluid analysis have several limitations [90], [91]. ELISA, while sensitive and widely 

used, demands laborious sample preparation, and relies on specific antibodies for 

detection, limiting its applicability to known biomarkers and increasing the risk of false 

positives or negatives [92]. Similarly, PCR, although highly sensitive and specific, 

necessitates skilled personnel, costly instrumentation, and time-consuming 

procedures for amplification and analysis, impeding its suitability for point-of-care 

diagnostics [93]. Moreover, mass spectrometry, while also offering high sensitivity and 

the ability to analyse complex mixtures, requires extensive sample preparation [94], 

[95]. Its application to saliva analysis often involves challenges such as sample 

variability and matrix effects which can affect the reliability and reproducibility of 

results.   
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2.6 Proposed Methods of Analysis with Extracellular 

Vesicles 

Biomarkers obtained via liquid biopsies are generating considerable attention within 

the research and medical communities. This interest stems from their minimally 

invasive acquisition and their potential to facilitate precision medicine, which seeks to 

manage a variety of diseases based upon their distinct molecular signatures unique to 

each patient. Extracellular vesicles (EVs) represent a subset of liquid biopsy markers 

that can be secured from clinical samples, including saliva, urine, whole blood, and 

cerebrospinal fluid [96], [97], [98], [99].  

 

EVs are a heterogeneous group of membrane-bound vesicles which vary in submicron 

size.  They represent a potential source for biomarker discovery and have been 

increasingly recognised as strong vehicles of long-range intercellular communication 

in the body [100].  They can transfer proteins, nucleic acids, and lipids to other cells, 

thereby influencing the recipient cell function [101]. Initially underappreciated and 

thought to act as a mechanism of cell disposal, EVs are now considered abundant and 

stable sources of circulatory biomarkers [98], [102], [103].  They provide a snapshot of 

the cells from which they originate and as such, are depositaries of significant 

information. Recent research has looked at the use of EVs (in specific, exosomes) as 

therapeutic vectors functionalised to trigger an immune response in a host, and 

application to COVID-19 has been identified [104].    

 

Typically, EV subpopulations are broadly divided into three main groups based on their 

biogenesis: a) exosomes, which constitute a homogenous population of spherical 
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vesicles of approximately 40-100 nm; b) microvesicles, which are large bilayered 

vesicles 100-1000 nm in diameter; and c) apoptotic bodies that comprise a highly 

heterogeneous group of bilayered vesicles 800-5000 nm in diameter [105], [106]. Due 

to the overlap in EV subtypes and difficulty in separating them, MISEV 2018 guidelines 

state that EVs can be divided into medium/large EVs (>200 nm) and small EVs (<200 

nm) based on their physical properties.   They have been found in the extracellular 

space as well as circulating through many different body fluids including saliva and 

blood [107], [108].  These biofluids contain non-vesicular macromolecular structures 

which could interfere with analytical results and thus, EVs isolation and enrichment is 

a required pre-analytical step for biomedical research [109].  In general, there are three 

main methodologies used for the isolation and purification of EVs including, 

ultracentrifugation/differential centrifugation, adsorption to microbeads 

(immunoaffinity) and size exclusion chromatography [110], [111], [112].     

 

The study of EVs has gathered significant attention in recent years most notably due 

to their potential application as clinical biomarkers in the diagnosis and monitoring of 

disease [113]. The valuable cargo EVs can carry have made them potential biomarkers 

for diseases such as, liver hepatitis, hepatocyte injury in alcoholic and inflammatory 

liver disease, intrinsic kidney disease, atherosclerosis, stroke, asthma, Alzheimer’s 

disease and diabetes [114], [115], [116], [117], [118], [119], [120], [121]. One notable 

advantage of EVs as biomarkers of interest, over the presence of soluble molecules 

including hormones and cytokines in the blood, is their inherent ability to protect the 

cargo from degradation thereby, maintaining its functionality and integrity [113]. 

Consequently, the release of EVs from any location and subsequent movement into 
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the bloodstream thus renders them easily accessible as liquid biopsies. Moreover, 

current literature has indicated that the characteristics, quantity or content of EVs can 

undergo alterations during disease progression [122], [123], [124]. Tumour cells for 

example, continuously release EVs and as such, tumour derived EVs are observed at 

significantly higher concentrations in plasma compared to those healthy individuals 

[122], [124]. This underlines the ability of EV molecular profiles to offer invaluable 

insights in the advancement of precision medicine.  

 

Traditionally, microscopic methods such as atomic force microscopy (AFM), dynamic 

light scattering (DLS), flow cyto(fluoro)metry, and nanoparticle tracking analysis (NTA) 

have been used to characterise EVs and measure physical features such as vesicle 

morphology and size.  ELISA may be used for the purpose of specificity, where only 

antibodies for external epitopes lead to a signal and surface plasmon resonance (SPR) 

is an easy way to obtain interaction parameters. However, given the importance of EVs 

in liquid biopsies better quantification of EVs is required.  New sensing strategies 

relying on detection principles including fluorescence, colourimetry and 

electrochemistry-based technologies, allow for the detection of EVs either with the 

naked eye or without the requirement of purification steps, promising for the 

development of future point-of-care testing (PoCT) devices [125].  Due to its simplicity, 

fluorescence is the most popular approach for the detection of EVs.  Fluorescent 

molecules are used as tags to label DNA probes and antibodies thus, enabling the 

detection of EVs via nucleic acid hybridisation and antibody/antigen interactions [126].  

Moreover, colorimetric detection allows for direct visual observation of EVs.  This 

simplifies the detection process and reduces the need for bulky instrumentation, fitting 
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for PoC testing [127].  However, there can be significant differences between output 

data between the different EV characterisation techniques, and arguably, there is no 

gold standard for routine benchtop EV analysis [112].  

 

One of the main factors impacting the design and implementation of diagnostic EV 

methodologies is due to the inherent sample complexity and co-isolation of non-EVs. 

This complexity arises from several factors, including their diverse origin and 

composition. EVs carry a wide range of biomolecules, including proteins, nucleic acids, 

lipids, and metabolites, reflecting their cell of origin and physiological state [128], [129]. 

Consequently, EV samples are inherently complex, containing a mixture of vesicles 

with different cargo and functional properties [130], [131]. Furthermore, traditional 

isolation techniques for EVs, such as ultracentrifugation and size exclusion 

chromatography (Table 2.1), often co-isolate non-EV components from biological 

fluids. These contaminants include lipoproteins, such as high-density lipoproteins and 

low density lipoproteins, protein aggregates, ribonucleoprotein complexes, and other 

membrane structures [132], [133], [134]. Co-isolation of non-EV components not only 

complicates downstream analyses but also introduces variability and artifacts in EV 

characterisation. EVs also share physical properties such as, size, density, and surface 

markers, with other extracellular particles and structures. For example, small EVs 

(exosomes) may overlap in size with lipoproteins, protein aggregates, and cellular 

debris thus making it challenging to selectively isolate pure populations of EVs [131], 

[134]. 
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Table 2.1. Principle EV isolation methods applied in biomedical research. 

 

At present the majority of salivary EV applications in healthcare are focussed on oral 

or dental disease such as oral squamous cell carcinoma, periodontitis and Sjögren’s 

syndrome [153], [154], [155], [156]. Further applications include detection of 

Methods Approximate 
Time (min) 

Advantages Disadvantages Refs 

Ultracentrifugation 140 - Isolation of all 
vesicular particles 
- Maintaining EVs 
structure 
- Absence of 
additional 
chemicals 
 

- Time-consuming         
- Expensive 
equipment 
- Labour intensive 
 

[135], 
[136], 
[137], 
[138] 

Sucrose density 
gradient 

250 - Divide EVs into 
different 
populations 
- Pure 
preparations 
 

- Not preferable for 
samples with 
diverse EV 
populations 
- Complexity 
- Loss of sample 
 

[139], 
[140], 
[141] 

Ultrafiltration 130 - Easier to handle 
compared to 
ultracentrifugation 
- Simple 
procedure 
- Concurrent 
processing of 
many samples 
 

- Retain 
contaminating 
proteins 
- Filter plugging 
- Small quantity of 
exosomal proteins 

[142], 
[143], 
[144] 

Exoquick-TC™ 45 (overnight 
incubation) 

Simple, fast, 
highly scalable 

Low yield of EVs  
 

[140], 
[145], 
[146], 
[147] 

Immunoaffinity 240 (plus 
additional 2-8 
hours for rinsing 
time) 

Isolation of certain 
subpopulation of 
EVs 

- Nonspecific 
binding 
- Recovery 
efficiency is less 
than 100% 
 

[141], 
[148], 
[149], 
[150] 

Size exclusion 
chromatography 

1 mL/min (+ 
column wash) 

- Purity 
- Enhances 
elimination of 
nonspecific 
impurities 
- Prevents 
Aggregation 

- Limited sample 
volume and number 
of separated peaks 
- Highly specialised 
equipment 
 

[151], 
[152] 

Precipitation 65  - Simplicity 
- Preserves EV 
integrity 

- Contamination 
- Polymer retention  

[147] 
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biomarkers of traumatic brain injury and Parkinson’s disease and childhood asthma 

[157], [158], [159]. To date very few studies have investigated salivary EVs in IBD, with 

only Park et al. identifying changes in salivary microbial EVs before and after anti-TNF-

α therapy in individuals with IBD [160]. A further study by Zhao et al. did, however, use 

blood plasma derived EVs to determine the levels of double stranded DNA (dsDNA) in 

CD patients and to determine to what extent the dsDNA may promote intestinal 

inflammation [161]. Moreover, blood plasma has found many differing applications in 

EV research from determination of clinical significance in glioblastoma patients, cancer 

screening, diabetic wound healing and infertility [162], [163], [164], [165], [166]. The 

diagnostic and prognostic potential of EVs in CVD has gained much interest in recent 

years with both EV- counts and EV- content associated with CVD. Cheow et al. 

determined that plasma EVs contain a novel diagnostic biomarker of EV-derived 

fibrinogen components that may potentially be further developed for clinical use [167]. 

A study by Oggero et al. used vein derived endothelial EVs to determine a mechanistic 

role for EVs in the development of EVs with significant and differential changes 

observed in their cargoes amongst patients post major cardiac event. The authors 

observed significantly higher levels of CD14+ and CD14+/CD41+ in EVs [168]. Gidlöf 

et al. determined that EVs isolated from plasma provided additional diagnostic value 

compared to just plasma alone. They identified proto-oncogene tyrosine-protein kinase 

SRC as a significant indicator of CVD in EVs. Further studies include determination of 

EV markers in relation to obesity and metabolic complications and how they lead to 

CVD manifestations and the identification of circulating EVs and their association with 

CVD risk markers [169], [170]. 
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Raman spectroscopy offers an alternative method in the analytical study and detection 

of EVs.  Recently, Gualerzi et al. described Raman spectroscopy as a tool to assess 

the purity of EV stem cell preparations.  The authors indicate the ability of Raman to 

rapidly assess the composition and purity of EVs.  The Raman spectral fingerprints 

obtained from the different sample preparations can discern both the cell source of the 

EV and which isolation procedure (ultracentrifugation, size exclusion) was applied 

[171].  A further study by Kwizera et al. describes the use of gold nanorods as a surface 

enhanced Raman scattering (SERS)-active platform in the detection of breast cancer 

cells [172].  Here, exosomes were captured on a miniaturised affinity-based device 

and target proteins on the EVs were detected using gold nanorods coated with QSY21 

Raman reporters.  The authors indicated that by using this technique, differences can 

be observed in the protein profiles of breast cancer cells compared to those normal 

breast cells. These studies analyse blood samples, but Raman spectroscopy also has 

the potential for similar EV analysis in saliva. 

 

Notably, tip-enhanced Raman spectroscopy (TERS) might prove a useful technique 

for EV analysis, having so far been seemingly unexploited in the literature, whether for 

EVs specifically, or other salivary constituents [173]. TERS opens the possibility of 

characterising individual EVs by combining the chemical information provided by 

Raman scattering, the sensitivity of SERS and the spatial resolution of scanning probe 

microscopy. This technique uses a scanning tunnelling microscope (STM), or AFM set-

up, with a plasmonically active tip, which when proximal to analyte molecules and 

illuminated with light of appropriate wavelength, can produce a SERS effect [174], 

[175]. EV damage however, caused by tip collision or plasmonic heating could be 
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problematic, as could inhomogeneity, should too few measurements be taken [176]. It 

is worth mentioning, that TERS has a long-standing and well-known problem of 

reproducible tip manufacture (and thus signal uniformity). 

 

2.7 Raman Spectroscopy Principles and Instrumentation 

The identification of quick, easy, and label-free methods to detect and evaluate the 

composition of EVs is vital to the development of new clinical tools to improve 

prognosis and reduce mortality. Simple measurements on particle counts and protein  

concentration provide brief overviews but fail to provide detailed information as to 

particle biochemical composition and cargos. A step towards early and non-invasive 

disease diagnosis is through the utilisation of EVs as biomarkers of disease. One such 

method useful in the detection and analysis of EVs is Raman spectroscopy (RS).  

 

The first observation of Raman scattering was published in 1928 by C.V. Raman and 

K.S. Krishnan [177], [178].  Although industrial laboratories have used Raman 

spectroscopy for many years, since the early 1980s interest has grown. It is a versatile 

method suitable for the analysis of a wide range of samples across various fields, 

including physics, chemistry, materials science, biology and medicine [42], [179], [180], 

[181]. RS resolves many of the limitations associated with other spectroscopic 

techniques and is both a qualitative as well as quantitative technique. By measuring 

the frequency of scattered radiations, the technique can be described as qualitative 

while measuring the intensity of scattered radiations indicates quantitative analysis 

[182], [183]. 
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RS is described as a scattering technique, based on the Raman effect where the 

frequency of a small portion of the scattered light is at a different frequency from the 

monochromatic incident light (Fig.2.3). This scattered light is used to measure the 

vibrational modes of the sample and can provide both chemical and structural 

information, as well as the identification of substances through the characteristic 

“fingerprint.”  

 

In RS, the sample is illuminated with a monochromatic laser beam where it interacts 

with the molecules within the sample and thus scatters the incident light [184]. In the 

majority of scattering events, upon its interaction with the photon, the energy of the 

molecule remains unchanged, therefore the energy (or wavelength) of the scattered  

photon is equal to that of the incident photon.  This is called elastic or Rayleigh 

scattering. In a much rarer event (approximately 1 in 10 million photons) Raman 

scattering occurs. This involves a transfer of energy between the scattered photon and 

the molecule and is termed inelastic scattering. If during the scattering event the 

molecule gains energy from the photon, i.e. it is excited to a higher vibrational energy 

level and the resulting scattered photon will lose energy and increase in wavelength 

then Stokes lines appear in the Raman spectrum [182], [185]. However, if the molecule 

relaxes to a lower energy level due to a loss in energy, then the photon will gain the 

equivalent energy with a decrease in wavelength and thus gives rise to anti-Stokes 

lines in the Raman spectrum as observed in Fig 2.3. When light is scattered by a 

molecule, the molecule is left in a higher energy state with the energy of the resulting 

photon transferred to the molecule when the oscillating electromagnetic field of a 

photon induces a polarisation of the molecular electron cloud.  A complex called the 
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virtual state of the molecule forms between the molecule and the photon. The virtual 

state is unstable; therefore, this complex is short-lived with the resulting photo re-

emitted as scattered light almost immediately [186], [187].  

 

Figure 2.3. (a) Basic principle of Raman spectroscopy and (b) Jablonski diagram illustrating energy 

transitions for Rayleigh and Raman scattering. Rayleigh scattering is elastic with the incident photon 

having the same energy as the scattered photon. Raman is inelastic and in Stokes scattering the incident 

photon has a greater energy than the scattered photon while in anti-Stokes scattering, the incident 

photon has a lower energy than the scattered photon.  

 

Stokes bands are more intense than anti-Stokes bands since Stokes shifted Raman 

bands involve transitions from lower to higher vibrational levels, thus they are 

measured in conventional Raman spectroscopy. In contrast, anti-Stokes bands are 

measured with fluorescing samples as fluorescence causes interference with Stokes 

bands [185]. The overall magnitude of Raman shift is not dependent on the wavelength 

of incident radiation, it is rather Raman scattering that is dependent on the wavelength 

of incident radiation. Essential to obtaining a Raman spectrum is a change in 
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polarizability. Here, water is an ideal solvent for sample preparation as Raman 

scattering due to the presence of water is low [182], [183]. 

Figure 2.4. (a) Schematic representation of a Raman spectrometer with excitation light indicated by the 

blue line and scattered light shown in green. Excitation light travels from the laser, through the band 

pass filters, beam expander and dichroic mirror where it is then reflected off a mirror into the optical 

a

b
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system and directed onto the sample of interest. Light scattered by the sample is collected by the optics 

and directed onto a grating where it is dispersed via a focussing mirror and long pass filter. Finally, the  

dispersed light is focused onto the detector. (b) Example Raman spectra obtained from human biofluid 

indicating the intensity and Raman shifts of the scattered Raman light. 

 

A Raman spectrum comprises a series of peaks, showing the intensity and wavelength 

position of the scattered Raman light (Fig 2.4).  Each peak on a Raman spectrum 

corresponds to a specific molecular bond vibration.  Examples include individual bonds 

for example, C=C, N-O, C-H and C-C as well as groups of bonds such as lattice modes, 

benzene and tryptophan ring breathing modes etc. Raman spectra can be recorded 

over a spectral range from 10-4,000 cm-1, Raman active normal modes of vibration of 

organic molecules occur in the range of 400-3,800 cm-1 [184], [187]. Typically, a 

Raman spectrum is a distinct chemical fingerprint for a particular molecule or material 

and can be used to quickly distinguish one molecule from another and identify the 

materials within the molecule.  Based on the Raman spectrum, Raman spectral 

libraries are often used for identification of an unknown material – libraries containing 

thousands of spectra are rapidly searched to find a match with the spectrum of the 

analyte. 

 

Raman spectrophotometers can be described as either dispersive or non-dispersive. 

Dispersive Raman spectrophotometers use a prism or grating, whereas non-dispersive 

Raman spectrophotometers use interferometers, for example the Michelson 

interferometer used in Fourier Transform Raman spectrophotometers. Until the 1960s, 

a 435.8 nm line of coiled low-pressure mercury lamp was used as the light source with 

traditional lasers later replacing the lamp (Fig 2.4a) [184]. At present there are a wide 
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range of available lasers that provide a more stable and intense beam of light. These 

include 488 and 514.5 nm Argon ion lasers, 530.9 and 647.1 Krypton ion laser, 632.8 

nm Helium-Neon (He-Ne) and 785 and 830 nm Near Infrared (IR) diode lasers. Argon 

ion and Krypton, short wavelength sources, can produce significant fluorescence and 

photochemical decomposition leading to molecular breakdown. Diode lasers on the 

other hand, can be used at much higher power without causing any sample breakdown 

and they also reduce the levels of fluorescence in most cases [183]. 

 

Previously, thermoelectrically cooled photomultiplier tubes and photodiode array 

detectors were used in Raman instrumentation. Owing to advantages in technology, 

CCDs and charge-injection devices (CIDs) that have greater sensitivities have 

replaced these detectors. The scattered light, containing valuable spectral information 

is typically passed through a series of optical components including band pass filters 

or more frequently in dispersive instruments combined notch filters and high-quality 

grating monochromators are used. Such components ensure the light is directed  

towards the detector [182], [187]. The CCD detector for example, consists of an array 

of pixels organized in rows and columns. Each pixel can hold a specific amount of 

charge.  

As the scattered light strikes the pixels, charges accumulate in each pixel based on 

the intensity of the incoming light. The position of the pixel corresponds to the spatial 

location of the incoming light on the detector. After the exposure time is complete, the 

accumulated charges in each pixel are read out sequentially. This process involves 

shifting the charges from pixel to pixel within each row and then transferring them row 

by row to an output register. The charges are then converted into electrical signals and 
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digitized. The digitized signals from each pixel correspond to the intensities of different 

Raman-shifted wavelengths. By analysing these intensities, a Raman spectrum is 

generated. Each pixel contributes to a specific Raman shift, and the overall spectrum 

provides information about the molecular vibrations and composition of the sample 

[185], [186], [187].  

 

Nowadays, Raman spectrophotometers can broadly be classified into two classes: 

those that are lab based and in-situ spectrophotometers which include hand-held, 

portable devices. Both rely on the same basic principles and are differentiated only by 

their size, relative cost, and versatility. 

 

2.7.1 Raman Spectroscopic Methodologies  

Raman spectroscopic methodologies currently applied in literature range from used 

custom built Raman set-ups to lab-based commercial systems as outlined in Table 

2.2. Most of the Raman set-ups identified in Raman-IBD studies, for example, exploited 

an excitation laser wavelength of 785 nm, except Addis et al., who used 514 nm and 

Chemavaiska et al., a 532 nm laser [188], [189]. Due to the efficiency of Raman 

scattering, scaling inversely with excitation wavelength to the fourth power, there has 

been a movement towards shorter excitation wavelengths, which typically result in 

stronger signal, enhancing sensitivity and enabling detection of trace analytes. 

 

However, shorter wavelengths are more likely to result in sample fluorescence, 

complicating sufficient Raman signal, detection, and analysis. Hence, the 785 nm 

excitation is the most frequently used in Raman-IBD studies since it reduces the 
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fluorescence. Furthermore, at this longer wavelength, the light is capable to penetrate 

deeper into thick or turbid samples thus, making it suitable for in-vivo or non-destructive 

analysis of biological tissue with the lower energy photons at near-infrared excitation 

less likely to cause photodamage to sensitive biological samples [190]. 

 

Across the Raman studies, a range of different laser powers and optics are employed, 

ranging from 10 mW by Smith et al. up to 90 mW by Morasso et al. [41], [191], [192]. 

The choice of laser power in RS requires establishing a balance between maximising 

the signal intensity and minimising the potential sample damage or interference. It 

depends upon the nature of the sample, the desired signal strength, and the potential 

for fluorescence. In the selected studies, typically those involving tissue samples, RS 

was employed using the lower powers and shorter exposure times than those involving 

plasma, urine, or faeces. 

 

Table 2.2. Overview of publications applying Raman spectroscopy in diagnosis, 

treatment, or biomarker discovery of IBD.  

Publication Application Sampl
e Type 

Patient Cohorts Raman 
Laser 

AI 
Classificati
on 

Performance 

   
U
C 

C
D 

H
C 

  
Sensitivity 

(%) 
Specificit

y (%) 
Accuracy 

(%) 
Pence et al., 
2017 [193] 

Diagnosis of IBD Tissue 8 15 8 785 
nm 

SMLR 62-86.2 22.9-74.5 - 

Smith et al., 
2021 [191] 

Mucosal healing and 
patient response to 
biologics 

Tissue 42 
6 

32 
8 

- 
9 

785 
nm 

SKiNET 96.3 95 95.6 

  
Tissue 6 8 9 

  
96.2 88 91.6 

Acri et al., 
2020 [194] 

Diagnosis of IBD in 
paediatric patients 

Faecal 9 15 19 785 
nm 

ROC, Youden Index - - - 

Bielecki et al., 
2012 [40] 

Discrimination of IBD Tissue 13 14 - 785 
nm 

PCA, K-means 
clustering 

93.84 90.3 88.26 

Kirchberger-
Tolstik et al., 
2020 [195] 

Assessment of 
disease severity 

Tissue 14
0 

- - 785 
nm 

1D-CNN 78 93 - 

Ding et al., 
2017 [196] 

Determination of 
histological 
inflammatory status in 
vivo 

Tissue 18 - 31 785 
nm 

Statistical analysis - 
Tukey honest 
significant difference 

83.5 97.1 - 

Addis et al., 
2016 [188] 

Assessment of 
mucosal healing 

Tissue 60 - - 514 
nm 

Linear regression 
analysis 

- - - 

Tefas et al., 
2020 [197] 

Diagnosis of UC Plasm
a 

28 - 35 785 
nm 

PCA-LDA 86 92 89 
       

PLS-DA 89 94 92 
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Morasso et 
al., 2020 [41] 

Diagnosis of CD Plasm
a 

- 77 45 785 
nm 

PCA-LDA 80 85.7 83.6 

Li et al., 2021 
[198] 

Diagnosis of CD Urine - 98 45 785 
nm 

PCA-LDA - - 69.9 

Zhu et al., 
2023 [199]  

Perianal fistula in CD 
patients’ identification 
for treatment 
strategies 

Urine - 11
0 

- 785 
nm 

PCA-SVM 71.43 80 75.71 

Bi et al. 2011 
[200] 

Discrimination of IBD Tissue 12 9 - 785 
nm 

- - - - 

Veenstra et 
al., 2014 
[201] 

Diagnosis of UC Tissue 4 - - 785 
nm 

PCA 82 89 
 

        
87 93 

 

Wu et al., 
2022 [202] 

Discriminating active 
CD from inactive CD  

Urine - 10
0 

88 785 
nm 

PCA-SVM - - 63.6 

Chernavaiska 
et al., 2016 
[189] 

Identification of 
disease severity  

Tissue 6 7 7 532 
nm 

Multimodal Imaging - - - 

Buchan et al., 
2023 

Identification of 
potential biomarkers of 
IBD 

Saliva 26 25 50 785 
nm 

SKiNET - - 98.2 

 

For instance, Pence et al. set an exposure time of 250 ms whilst Addis et al. applied a 

60 s exposure to faecal samples, with the former stating they were unable to increase 

integration times due to a substantial background noise and autofluorescence [188], 

[193]. Choosing an adequate laser power is known to improve the signal-to-noise 

(SNR), which is in turn, central to obtaining high-quality spectra. The higher the SNR, 

the greater the overall accuracy and precision of spectral measurements and data 

analysis. Laser power also influences the depth from which Raman signals can be 

obtained [192]. Higher power generally penetrates deeper into the samples, allowing 

for the analysis of subsurface layers of thicker samples, particularly important for 

applications with in-vivo tissue analysis, as observed by both Pence et al. and Ding et 

al., who examined colon tissue in-vivo using portable, custom designed Raman 

systems [193], [196]. Higher laser power can, however, lead to sample damage 

particularly for sensitive, biological samples. This photodamage or degradation can 

occur, leading to sample alteration and the introduction of artificial carbon D and G 

spectral bands. Optimisation of Raman-setup, therefore, requires careful empirical 

testing and adjustments for each unique experimental setup and sample type. 
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2.7.2 Raman Spectral Pre-Processing 

Generally, in Raman-IBD studies, a form of spectral pre-processing is applied including 

for instance, baseline subtraction, normalisation, or cosmic ray removal. Firstly, in 

many Raman spectrometers baseline shifts exist whereby the generated spectra 

contain both the desired signals as well as the more undesirable elements including 

background noise. Many methods of baseline subtraction can be applied such as, 

asymmetric least squares (AsLS), polynomial fitting, differencing, and filtering with the 

chosen method highly dependent upon the level of precision required, patterns and 

obtained computational times [203], [204]. Polynomial fitting methods for example, are 

a simple and effective way to remove baseline artefacts caused by factors such as 

instrumental drift, scattering, sample thickness or sample inhomogeneity. The method 

involves manually identifying the areas in the spectrum that contain undesirable or 

non-Raman like locations and estimating this background by way of a polynomial 

function. The degree of polynomial is dependent on the overall complexity of the 

baseline with the most commonly applied fits being linear (1st degree), quadratic (2nd 

degree) or cubic (3rd degree) polynomials. The selected fit is then applied to spectral 

areas with no features of interest and subsequently subtracted from the raw spectrum 

point-by-point leaving behind a baseline-corrected spectrum [204], [205]. Polynomial 

baseline subtraction enhances the clarity of spectral features and aids in the 

interpretation and analysis of spectral data. AsLS on the other hand, combines a 

smoothing filter with the asymmetric weighting deviations from the determined smooth 

trend in order to develop an effective baseline subtraction method [203], [206]. This 

method has the drawback associated with the smoothness constraint in that it only 

considers the second derivative. In most studies, baseline subtraction is performed 
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using a high order polynomial fit (4th or 5th) whilst, Kirchberger-Tolstik et al. employed 

an AsLS method and Ding et al. used a cubic spline interpolation [195], [196].  

 

Subsequently, normalisation is routinely performed to account for intensity variabilities 

due to factors such as sample concentration variability, laser power fluctuations and 

differences between sample set-ups [207], [208]. Commonly employed normalisation 

methods in RS include, scaling - where the minimum intensity is set as 0 and the 

maximum as 1 and all values scaled proportionally, Z-score normalisation - where the 

data has a mean of 0 and a standard deviation of 1 in order to centre the data and 

vector normalisation with the spectrum being scaled by dividing it by its own vector 

length, ensuring that the normalised spectra have a final magnitude of 1 [207]. 

Normalisation using area under the curve has been used by Addis et al., with five 

studies using vector normalisation [36], [40], [195], [198].  

 

In addition to baseline subtraction and normalisation, smoothing is often used to 

overcome the inherent issue of noise in Raman spectra. Smoothing is used to remove 

high frequency components from the spectra to reduce noise and simplify identification 

of important spectral features [209]. The most used smoothing filter is the Savitsky-

Golay filter, where a polynomial regression is applied to the data, i.e., a polynomial 

curve is fitted to small segments or peaks within the Raman spectrum with the 

smoothed curve providing an estimate as to the underlying Raman signal [209], [210]. 

The use of a Savitsky-Golay filter for spectral smoothing was employed by three of the 

studies [188], [193], [196] with only Addis et al. indicating the filter smoothing width of 

9 and polynomial order of 3 [188]. Due to the differences in spectral acquisition and 
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Raman setup, each study required the pre-processing techniques used to be applied 

in a specific order. The most applied procedure included baseline subtraction, followed 

by normalisation leading to data classification (Fig. 2.3). 

 

 

Figure 2.5. (a) Overview of a typical procedure for Raman data analysis and 

processing. (b) Workflow used in real-time endoscopic assessment of IBD disease 

activity including initial multimodal imaging of CARS, TPEF, SHG and H and E staining 

closely examined by pathologist and feature extraction of regions of interest to 

discriminate both morphology and intensity related to diagnostic criteria [189]. (c) 

Overall work path in the classification of IBD based on imaging of epithelium cells 

consisting of k-means clustering of morphological features, followed by SVM learning 

and subsequent prediction via a 10-fold cross validation with comparisons made to 

those identified by the pathologist as well as with H and E staining [40]. (d) Schematic 
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representation of the methodology used by Kirchberger-Tolstik et al. [195] comparing 

Raman spectra to Mayo endoscopic scores in UC [195]. (e) Illustration of an integrated 

Raman set-up and endoscope instrumentation for in-vivo analysis used by Pence et 

al. [193]. 

 

2.7.3 Classification versus Molecular Characterisation  

Typical Raman healthcare studies identified in the field of Raman-IBD predominantly 

focus on using RS for either classification or molecular characterisation of spectral 

data. Whilst both are essential for the comprehensive understanding of IBD and its 

potential translation into the clinical fields, they each serve a different purpose and 

apply diverse methodologies. Raman characterisation focusses on identifying and 

understanding the molecular composition and the associated chemical properties of 

the biofluid or tissue under investigation. This approach classically involves detecting 

and quantifying specific molecules, chemical bonds, or structures within the sample. 

Characterisation, aims to provide detailed information as to the sample’s biochemical 

makeup, identifying biomolecules including lipids, proteins, and nucleic acids whilst 

also, assessing changes to the molecular constituents such as, protein structure and 

confirmation or lipid profiles in samples where disease is present. Commonly, the 

methodology involves using RS to obtain spectra, which serve as chemical fingerprints 

with subsequent analysis of spectral peak intensities and Raman shifts used to identify 

specific molecular vibrations and chemical bonds thus, allowing for the determination 

as to the composition and structural characteristics of the biofluid. This approach was 

employed by Ding et al., Addis et al., Chernavaskia et al., Bi et al. and Wu et al. [188], 

[189], [193], [196], [200], [202], where the authors applied statistical methods including, 



 

 44 

Chapter 2 
the parametric (t-test). Shapiro Wilk and Kolmogorov-Smirnov statistical analysis was 

employed by Wu et al., whilst Addis et al. applied the statistical Mann-Whitney U test 

and Ding et al. the ROC curves investigation. These outputs provided disease-related 

biochemical changes associated with IBD. 

 

Conversely, RS classification focusses on using the spectral information obtained from 

the analysis to classify biofluid or tissue samples into different categories or states 

such as healthy or diseased. Such classification usually involves the development of 

models or algorithms capable of differentiating between the data classes. Machine 

learning techniques are most routinely used to train the classifiers and label the data 

sets accordingly. Of the studies identified, ten have [36], [191], [193], [194], [195], 

[197], [198], [199], [201], [211] applied a variation of multivariate analysis / machine 

learning to train their models using spectral data from a set of known biofluid samples, 

including primarily healthy and diseased classes, mucosal healing and inflammation or 

disease severity. Several further researchers have developed and applied further 

forms of supervised machine learning approaches including, the artificial neural 

networks (ANNs) by Smith et al., Buchan et al. and Kirchberger-Tolstik et al. [191], 

[195]. Other studies harnessed dimensionality reduction and feature extraction 

methods such as, principal component analysis-linear discriminant analysis (PCA-

LDA) [36], [197], [198], partial least squares-discriminant analysis (PLS-DA) [197] or 

principal component analysis-support vector machine (PCA-SVM) [199], [202]. In each 

instance, the goal was to provide a diagnostic tool which could rapidly and accurately 

identify the presence or absence of IBD based on the obtained spectral signature. 
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Overall, both approaches complement one another and are vital to gain a 

comprehensive understanding as to the disease development and diagnosis using RS. 

 

2.7.4 AI / Artificial Intelligence/Artificial Neural Network 

Multivariate Data Classification  

The majority of Raman-IBD studies employ multivariate analysis to investigate spectral 

changes across the whole spectrum. Notably, Ding et al. and Acri et al. applied 

somewhat different approaches using the Tukey honest significance variance and 

receiver operator curve (ROC), respectively [194], [196]. Multivariate analysis of RS 

data enables powerful extraction of meaningful information from complex high-

dimensional, spectral datasets with multiple variables [212]. It also enables the 

detection of subtle spectral shifts, which would be otherwise difficult to differentiate 

using traditional methods such as, manual peak selecting approaches. Frequently 

applied principal component analysis (PCA) can reduce the dimensionality of data 

while preserving the relevant information. Techniques such as, linear discriminant 

analysis or support vector machines employed by Tefas et al., Li et al. and Morasso et 

al., can classify samples into predefined groups such as, IBD and healthy controls, 

based on their spectral patterns, which is particularly useful in sample identification 

and disease diagnosis [36], [197], [198]. Approaches such as partial least squares 

(PLS) regression, used by Tefas et al., are also capable of establishing quantitative 

relationships between spectral data and sample properties, valuable for the accurate 

and rapid quantification of biomarkers in a dataset [197]. Machine learning, a subfield 

of artificial intelligence (AI), is another approach applied in studies by Smith et al and 

Buchan et al.[191].  In these studies, a novel supervised machine learning algorithm 
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uses an artificial neural network inspired by the structure and functioning neural 

networks (ANNs), such as the brain. They consist of interconnected nodes, termed 

artificial neurons or nodes, organised into layers [213]. The power of ANNs lies in their 

ability to learn complex patterns and representations from data thus, presenting a 

valuable decision support tool to aid in medical diagnosis. It is based on self-organising 

maps (SOMs) with self-optimizing Kohonen index network (SKiNET) as a framework 

for multivariate analysis that simultaneously provides (i) dimensionality reduction, (ii) 

feature extraction and (iii) multiclass classification. SKiNET performs visual separation 

to identify the underlying chemical differences between classes, providing accurate 

classification for simultaneously rich-information and high-classification specificity 

even for low laser powers and short acquisition times, representative of the real-world 

point-of-care conditions. 

 

Machine learning applied in these studies is essential for the clinical translation of RS 

based disease classification, enabling accurate, automated, and scalable disease 

diagnosis whilst enhancing objectivity and reproducibility. It can also be integrated into 

RS systems and methodologies as well as clinical workflows thus, improving time to 

results as well as patient care and long-term outcomes. It also plays a crucial role in 

realising the full potential of RS in clinical applications and beyond. Although the focus 

here is on IBDs, further afield similar approaches have been used in cancer diagnostics 

where for instance, Hernándes-Vidales et al. used PCA-SVM to distinguish between 

biomarkers of cancer with a high accuracy of 94%, highlighting its suitability for the 

investigation of various forms of cancer [214]. Similarly, Mehta et al. applied PCA-LDA 

to differentiate blood serum from control and meningioma patients, yielding 92% 
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classification accuracy [215]. This was further expanded to cervical cancer diagnosis, 

where Daniel et al. used Near-IR RS combined with ANN to determine biochemical 

changes associated with cancerous cells, successfully achieving 99% accuracy [216]. 

 

2.8 Applications of Raman Spectroscopy in Diagnostics 

This section reviews both ex-vivo and in-vivo applications of RS, with an emphasis on 

studies analysing saliva and/or IBD. Although our interest pertains to the use of RS in 

ex-vivo evaluations current trends in the field lean towards the use of surface enhanced 

Raman spectroscopy (SERS) for many sensing applications. Spectroscopic 

‘fingerprints’ of Raman data have been successfully shown to identify the disease 

states of the subject from which the biofluid has been collected and in contrast to the 

in-vitro bioassays, the availability of inexpensive, portable Raman instruments makes 

this technique particularly attractive for point-of-care, rapid sampling, analysis and 

screening of biofluids and tissue. It is important to note that although the ability of RS 

to rapidly and accurately identify target molecules renders it a valuable technique, 

analysing biological samples introduces an added layer of complexity. Since biological 

systems and samples are typically composed of a broad array of biochemicals 

including proteins, carbohydrates, lipids etc., spectra from biological specimens, such 

as tissue and biofluids, may appear highly similar, as vibrations from each of these 

molecules will be present in the Raman spectra [36], [41], [217], [218]. Analyses of 

these can subsequently, not be straightforward to untrained personnel. Therefore, the 

combination of Raman spectroscopy with subsequent computational algorithms 

enables it to rapidly and accurately decompose the signal or separate the data 
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according to statistical properties inherent in the dataset using various multivariate 

techniques, discussed in more details below.  

 

RS, although a powerful technique in analysing various biofluids, is associated with 

some limitations. These include fluorescence interference, known to occasionally 

overwhelm the Raman signal and obscure spectral signatures, sample complexity - 

where untangling the Raman spectra of complex biological samples can be 

challenging, the cost of specialised equipment, and low sensitivity due to Raman 

scattering being an inherently weak process thus rendering it difficult to detect low-

concentrations of biomolecules [219]. Nevertheless, RS is continuously optimised and 

remains a valuable tool for analysis of biofluids. Ongoing research aims to address 

these challenges via a combination of advancements in instrumentation, data analysis 

techniques and the development of enhanced Raman probes and substrates. One 

such development is known as surface enhanced Raman spectroscopy (SERS). 

 

With the advent of SERS and the subsequent enhancement of the Raman signal of up 

to 1011 times, single molecule detection can be achieved [220], [221]. SERS typically 

uses nanoscale surfaces of gold or silver to induce a highly localised electromagnetic 

field by surface-confined, laser excitations [222], [223], [224]. A substantial 

enhancement in the Raman signal is observed when a molecule is absorbed or within 

10nm of the surface. For instance, analysis of plasma via conventional Raman 

spectroscopy reflects different proteins yet, the smaller molecules remain almost 

undetectable, however, via SERS a considerably amplified signal is produced enabling 

detection of minute biomolecule levels [198], [225], [226], [227], [228], [229], [230]. 



 

 49 

Chapter 2 
SERS, therefore, exhibits several advantages including high sensitivity and selectivity 

with the ability to detect analytes down to attomolar level. It further has a relatively low 

sensitivity to water, rendering it suitable for in-situ and in-vitro applications of biological 

samples. Overall, SERS is well-suited to an extensive scope of applications ranging 

from surface chemistry, catalysis, food science and pharmaceuticals [225], [228], 

[230], [231], [232], [233], [234]. However, despite these advantages SERS has often 

been underutilised due to challenges in reproducibility, high costs associated with 

development of suitable substrates and the need for highly specialised equipment and 

expertise [222], [225]. 

 

2.8.1 Raman Spectroscopy and Saliva in Healthcare  

A problem in healthcare research is the non-specificity of biomolecules, which is 

debatably compounded by a base of small studies that focus on specific diseases 

[235]. For instance, in the context of traumatic brain injury, certain biomarkers may 

also be indicative of polytrauma or neurodegenerative disease [236], e.g., Tau, 

neurofilament light chain, myelin basic protein. For this reason, the full extent of the 

injury and/or co-morbidities should be noted. In general, this would appear not to be 

the case within current Raman-saliva studies, many of which are preliminary in nature. 

Moreover, there is the broad difficulty of patients’ data security, permissions, and ethics 

[235]. Elsewhere, problems may arise in a lack of specificity to the locale of disease, 

e.g., sialic acid (SA) - a cancer biomarker, is detected in many different types of 

cancers. Furthermore, healthcare related studies tend to be concerned with changes 

to Raman peak intensities, or more precisely, relative peak intensity ratio changes 

rather than the appearance of distinct spectral features. This can make analysis 
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challenging, even with supporting chemometric tools, especially if physiological 

changes are subtle. In turn, medical and clinical studies can be difficult to power 

correctly to reach statistical significance [235], [237], [238]. This is exacerbated by the 

difficulty of obtaining large sample numbers for the various studied diseases and much 

of the current biomarker research, at large, is still restricted to small cohorts [235].  

 

With 19.3 million new cancer cases and almost 10.0 million deaths in 2020, cancer is 

one of the most prevalent and fatal diseases worldwide [239].  With an estimated 2.3 

million cases (11.7%), female breast cancer has surpassed lung cancer as the most 

diagnosed cancer globally, followed by lung (11.4%), colorectal (10.0%), prostate 

(7.3%), and stomach (5.6%) cancers [239]. By 2040, the global cancer burden is 

projected to be 28.4 million cases, a rise of 47% from 2020. The diversity and 

prevalence of cancer highlights the need for a global escalation in cancer diagnostics, 

distribution of preventative cancer measurements as well as providing cancer care in 

those transitioning countries to control the disease [239].  Raman spectroscopy is 

emerging as a potentially useful clinical aide in cancer diagnostics. RS can identify and 

differentiate, in a label-free and non-invasive way, the subtle changes in tissue 

biochemistry associated with disease and cancer progression. The close association 

of salivary composition to serum metabolites, combined with the wide spectrum of 

molecules present in saliva provides valuable information for clinical diagnostic 

applications, of which the main Raman peak assignments relating to cancer 

diagnostics are illustrated in Fig 2.6 with further spectral assignments made in Table 

SA.3. Several studies have attempted spectral analysis of biofluids using Raman 

spectroscopy for disease diagnosis and screening as it may represent a prospective 
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viable avenue for cancer diagnosis (Fig SA.2 and SA.3). Saliva has been investigated 

as a diagnostic medium and its analytes (protein, RNA, DNA) as biomarkers in the 

diagnosis of several malignancies including lung cancer, breast cancer, prostate 

cancer, ovarian cancer and squamous cell carcinoma.   

 

   

Figure 2.6. Raman peak assignment on cancerous saliva samples (n = 732). An 

overview pie chart of the most prominent peaks in the literature displayed by their 

biomolecular group. A subset of the Raman-saliva literature with a perceived focus on 

chemometrics has been analysed. Further details are included in Supporting 

Information, Figs. SA.1-SA.2 and Table SA.3. 

 

Breast cancer is the most diagnosed cancer and the leading cause of death in women. 

Routine diagnostic procedures include histopathological examination of biopsy 

samples, fluorescence, optical bioluminescence, X-ray mammography, computed 
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tomography, magnetic resonance imaging and ultrasound, which are often time-

consuming and costly. Issues include low sensitivity and resolution [240]. To overcome 

this, Wu et al. developed a non-invasive breast tumour detection method using saliva 

protein SERS combined with regularized multinomial regression (RMR). Their study 

indicated diagnostic accuracies of 92.7% (85/97), 95.8% (93/97) and 88.6% (86/97) 

were acquired, while successfully discriminating among the normal group, the benign 

breast tumour group and the malignant breast tumour group [241]. Likewise, Feng et 

al. also exploited the capability of saliva protein analysis, based on membrane 

purification and SERS for detecting benign and malignant breast tumours. The authors 

detected subtle but discernible changes in the mean SERS spectra in each of the three 

groups. Multiclass partial least squares discriminant analysis was used to analyse and 

classify the saliva protein SERS spectra from healthy subjects, benign breast tumour 

patients, and malignant breast tumour patients, yielding diagnostic sensitivities of 

75.7%, 72.3% and 74.1% as well as specificities of 93.7%, 81.2% and 86.3%, 

respectively [242]. 

 

Furthermore, Hernández-Arteaga et al. indicate the importance of SA in the diagnosis 

of breast cancer [243]. The authors evaluated the feasibility of Raman as a method of 

quantification of SA in saliva using citrate-reduced silver nanoparticles as a SERS 

substrate. They determined the mean SA concentration was significantly higher among 

breast cancer patients (18.3 ± 9.4 mg/dL) than in the healthy control group (3.5 ± 1.0 

mg/dL) with SERS test sensitivity of 94% and specificity of 98% [243]. In a further 

study, the authors once again measured SA levels using SERS with tailored citrate-
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reduced silver nanoparticles, however exhibiting a lower sensitivity and specificity of 

80% and 93%, respectively [243]. 

 

In addition, lung cancer remains the leading cause of cancer mortality, leading to more 

than 1 million deaths worldwide in 2020. Clinical studies indicate that approximately 

80% of patients are diagnosed with advanced lung cancer and with a 5-year survival 

rate of only 20% [244]. Thus, effective screening and early detection have the potential 

to decrease lung cancer mortality. Wang et al. demonstrated early detection 

technology of lung cancer based on SERS. They analysed 19 lung cancer and 45 

healthy patient samples and obtained an accuracy of 96.9% by Logistic Regression 

Analysis. The authors also detected two prominent peaks of interest, 758 cm-1 and 

1244 cm-1[245] . Similarly, Li et al. applied SERS for the detection of lung cancer using 

silver colloids. The peak variations between the healthy and diseased groups were 

investigated. The authors determined that lung cancer peaks were largely detected at 

a lower Raman intensity than those of their healthy counterparts. Principal component 

analysis (PCA) and linear discriminant analysis (LDA) were used to discriminate 

between the data sets resulting in an 80% accuracy, 78% sensitivity and 83% 

specificity [79]. Qian et al. also applied SERS in their new method of lung cancer 

detection. The authors combined a SERS system with a gold-modified nanochip. 

Support vector machine and random forest algorithms were used to analyse 

differences between healthy and diseased data sets. Sensitivity and specificity of 

Raman spectroscopy data was 100% [246].  
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As well as cancer detection, salivary Raman methods have found applications within 

many other healthcare studies. For example, Cao et al. developed a potential method 

for the non-invasive detection of acute myocardial infarction (MI). The authors 

observed significant differences between healthy and MI Raman bands, yielding a 

diagnostic sensitivity of 80.4% [247]. Multiple studies have focused on the diagnosis 

of Sjögren’s syndrome, e.g., Moisoiu et al. combined SERS of saliva with two-

dimensional shear wave elastography (2D-SWE) of the parotid glands whereas 

Stefancu et al., applied SERS based liquid biopsy of saliva from patients with Sjögren’s 

syndrome, with silver nanoparticles used as SERS substrate and the data analysed 

using PCA-LDA to achieve an overall higher classification accuracy of 94% [228], 

[248]. In addition, Eom et al. used SERS in the diagnosis of Tamiflu-resistant influenza 

virus [249]. The authors combined SERS-active substrates with urchin gold 

nanoparticles and oseltamivir hexylthiol, an excellent receptor for the oseltamivir-

resistant pandemic H1N1 (pH1N1)/H275Y mutant virus. A further application was 

identified by Ember et al. in the detection of COVID-19. The authors developed a 

reagent-free method of detecting COVID-19 combining Raman spectroscopy, machine 

learning and droplet segmentation to achieve sensitivities of 79 and 84% in males and 

females and specificities of 75 and 64%, respectively [42].  Carlomagno et al. aimed 

to discriminate amyotrophic Lateral sclerosis (ALS) onset using Raman spectroscopy 

to provide a fast, sensitive procedure to efficiently diagnose and monitor the 

therapeutic and rehabilitative processes [250]. Saliva and Raman have also found 

applications in screening for Alzheimer’s Disease (AD). Ralbovsky et al. combined 

Raman hyper-spectroscopy with machine learning to develop a novel method for the 

diagnosis of AD based on salivary analysis, indicating its remarkable potential for use 
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as a non-invasive, efficient, and accurate (99%) method [43]. Further applications have 

been identified as a non-invasive alternative procedure for early detection in childhood 

asthma biomarkers [251], analysis of thiocyanate in saliva using droplet SERS-

microfluidic chip [229] and for the detection of Pseudomonas aeruginosa in saliva using 

SERS [252]. 

 

2.8.2 Raman and IBD Applications in Healthcare 

Early and accurate detection of IBD is crucial in providing appropriate interventions. It 

can further facilitate monitoring the progression of disease as well as the therapeutic 

responses. However, timely diagnosis of IBD still remains an unmet need. With an 

overlap in presentation, symptoms and disease progression, discrimination of UC from 

CD is essential when selecting the most appropriate therapeutic or surgical regimen to 

improve patient prognosis. Herein, the predominant focus is on the potential of Raman 

spectroscopy in the diagnosis and differentiation of IBD as well as the disease 

indicative biomarkers. We overview the different Raman methodologies currently 

applied within clinical IBD research as well as their ability to act as monitoring and 

therapeutic tools in the future. Additional synopsis includes the use of RS in the 

identification of biomarkers and how these may contribute to the non-invasive and early 

detection of IBD. An in-depth summary of the primary methodologies applied in 

Raman-IBD analyses along with a comprehensive spectral library with corresponding 

peak assignments from the current Raman-IBD literature are further overviewed and 

generated. These lay a platform for introduction of new tools for advancing the 

understanding of the overall biochemical changes of IBDs and development of timely 

diagnostic and therapeutic approaches.  Furthermore, it would enable improving the 
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clinical management of patients as in the case of an evolving and multifaceted 

pathology such as IBDs, RS may provide integrative and complementary clinically 

useful information, or be useful at different time points or in different settings.  

 

2.8.3 IBD Diagnosis and Discrimination 

Raman spectroscopic based approaches have been employed in a wide array of 

diagnostic applications, aiming to provide objective and real-time assessments of 

diseases [43], [79], [253], [254]. There has been a notable increase in interest 

surrounding the utilisation of Raman analysis for the study of IBDs in recent years 

indicating that RS can enhance diagnostic accuracy due to the detailed molecular 

information it is capable to uncover in a rapid manner. In the field of IBDs, whilst several 

researchers aimed to identify either CD or UC from patient samples, [40], [200] others 

aimed to investigate and discriminate both UC and CD from healthy patient samples 

[189], [191], [193], [194] (Fig.2.7).  

 

One of the earliest studies published in this field by Bi et al. examines the structural 

and compositional changes of both UC and CD colon tissue specimens to differentiate 

between the two IBD subtypes. The authors used a custom-designed Raman fibre-

optic probe to analyse the tissue samples in-vitro. The probe was placed in contact 

with the mucosal surface of the sample for 3s to obtain spectra [200]. After statistical 

analysis, closely examining both the spectral peak differences and molecular origins, 

a significant difference was observed between the nucleic acid, phenylalanine, and 

lipid regions of the spectra. Assignments for the identified Raman bands are 

summarised in Table SB.1. This study importantly demonstrated a higher lipid content 
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with a lower phenylalanine and nucleic acid content in UC tissue samples, indicating 

the potential of these characteristics in disease discrimination. The significant variation 

noted in lipid content is most likely due to CD, often presenting with transmural 

inflammation, which involves all layers of the bowel wall, including the submucosa and 

therefore, brings about changes in the lipid content due to inflammation, fibrosis, and 

the formation of granulomas. UC on the other hand primarily involves inflammation of 

the mucosal layer thus, the submucosal changes are generally less pronounced than 

in CD. To quantify and compare these changes, further studies such as, histological 

examination or lipidomic analyses would be required. Limitations of this study include 

the exclusion of healthy controls and the use of statistical chemometric methods only. 

The inclusion of multivariate analysis could further offer the advantages of 

dimensionality reduction, pattern recognition and effective visualisation. 

 

Figure 2.7. IBD discrimination via: (a) Average peak intensities for areas of endoscopic 

inflammation or endoscopic healing with highlighted peaks of interest indicating 
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standard deviations and p-values. (p* 0.10 ≥ p > 0.05 and p**≤ 0.05) [188]. (b) Average 

Raman spectra obtained from patients with CD and healthy controls. Top spectra (red) 

indicate CD and middle spectra (blue) healthy controls with bottom spectra (black) 

illustrating the spectral differences between the two sample groups. Dotted lines 

highlight significant areas of difference between the sample types [36]. (c) Differences 

in total lipid counts and phosphatidylcholines (PCs) relative to proteins as determined 

by peak height ratios for differing disease severities [196]. (d) Barcodes derived from 

tissue biopsy, saliva and potential IBD biomarkers (e) IL-4, (f) IL-12 (g) IL-8 and (h) IL-

17, highlighting the dominant, statistically significant peaks. (e) Saliency map 

visualisations (top) and mean Raman fingerprint regions corresponding to Mayo 

endoscopy score. A high saliency score on the map is indicated in yellow and 

represents Raman regions with important contributions in the determination of score 

classification. Most regions are attributed to proteins, cholesterol, and DNA [195].    

 

Bielecki et al. reported a Raman microspectroscopic approach to diagnose IBD. The 

authors firstly collected Raman measurements and morphological images (obtained 

via haematoxylin and eosin staining) from UC, CD, and healthy control (HC) specimens 

[40]. Subsequently, a unique classification methodology, support vector machine, 

capable of analysing histological and spectral data to identify and visualise the tissue 

morphology and ultimately differentiate the epithelial structures from connective tissue 

and mucus, was employed. This approach demonstrated significant differences 

between each of the three groups (UC, CD and HC) with the classifier achieving an 

accuracy of 98.9%, paving the way for the automatic and objective classification of IBD 

via RS even in patients with minimal or moderate inflammation. Significant changes 
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were observed in the heme bands, which were associated with increased levels of 

inflammation in IBD patients compared to HC. Additionally, UC is distinguished by a 

distinct hyperaemic colonic mucosa, which differs from the observed in CD. The fully 

automated methodology established by the authors has the potential to be used in-

vivo. It also paves the way for further investigation using unclassified IBD samples and 

perhaps, patient samples of varying inflammatory status. 

 

Pence et al. exploited the lack of a gold standard in discriminating UC from CD and 

developed a novel colonoscopy-coupled fibre optic Raman probe as a minimally 

invasive diagnostic tool. The authors examined spectral signatures from UC, CD and 

HC patient tissue samples. All samples were compared with tissue pathology markers 

and assessed using endoscopic examination to confirm IBD subtype and severity 

[193]. To separate spectra into their respective groups, a sparse multinomial logistic 

regression (SMLR) algorithm was applied with variable classification performance of 

62-86.2% for sensitivity and of 22.9-74.5% for specificity, with the most successful 

comparison for control versus active IBD tissue types. A poorer classification 

performance was observed when comparing healthy controls and inactive IBD 

subtypes, indicating active inflammation playing a key role. The study built on previous 

work where it was recognised that increased contact pressure can lead to spectral 

differences with attempts made to reduce this effect [255]. Overall, the authors 

demonstrated that patients with inactive disease exhibited significantly stronger 

spectra, particularly in bands associated with lipid features. Active disease spectra 

indicated the broadening of peaks, often associated with an increase in protein content, 

and possibly originating from increased levels of fibrin and collagen in the bowel wall. 
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The authors also noted the potential impact of age, gender, BMI, diet, and previous 

therapeutic treatments, which most likely impact the classification algorithm. Also, as 

the probe was in direct contact with the colon, blood and mucus were still present thus, 

leading to bias in the obtained spectra. 

 

Several studies aimed to diagnose either CD or UC with Veenstra et al. demonstrating 

one of the first such applications. The authors collected UC and HC tissue samples 

and examined the mucosal and serosal surfaces, achieving a classification sensitivity 

of 82% and specificity of 89% from the mucosal surface and 87% sensitivity and 93% 

specificity from the serosal surface [201]. Their study indicated the possibility of real-

time diagnosis with the ability to observe changes within UC colon tissue which are not 

apparent in histological examination. Spectral areas of interest revealed significant 

changes in peaks assigned as proteins, lipids, and nucleic acids due to the increase in 

levels of inflammation. Moreover, Tefas et al. applied a sub-category of RS known as, 

surface enhanced Raman spectroscopy (SERS) to provide a significantly improved, 

non-invasive method for UC diagnosis. Plasma samples were collected from UC and 

HC subjects and analysed using silver nanoparticles as a plasmonic substrate to 

significantly enhance signal and detection [197]. The primary advantage of SERS over 

conventional RS is in its ability to offer a significant increase in Raman intensity, leading 

to the identification of molecules not previously observed in Raman spectra, however, 

SERS results in a more complex spectral interpretation particularly, in the case of 

biological samples, which contain a wide array of metabolites as interferants. Two 

multivariate classification algorithms were employed for spectral analysis, including 

principal component analysis-linear discriminant analysis (PCA-LDA), achieving 86% 
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sensitivity and 92% specificity and partial least squares discriminant analysis (PLS-

DA), achieving 89 and 94% sensitivity and specificity, respectively. In UC, there is a 

known disruption in the gastrointestinal mucosa, which typically maintains the 

functional status of the bowel[256]. This disruption results in widespread inflammation 

and thus, a change in metabolic pathways observed via changes in Raman or SERS 

spectra and therefore, enables an insight into the mechanisms of IBD, facilitating the 

potential development of new diagnostic and therapeutic measures. The major 

drawback of the study is in the overall sample size as well as the exclusion of patients 

with mild disease. However, it does represent a promising non-invasive approach with 

the ability to act as a screening tool for colorectal cancer in the longer-term.   

 

Similarly, Li et al. demonstrated the non-invasive diagnosis of CD based on SERS 

combined with a principal component analysis-support vector machine (PCA-SVM) 

approach. Urine samples were collected from patients with inactive and active forms 

of CD as well as HC subjects and combined with silver nanoparticles to form a SERS 

substrate for analysis. Both PCA-SVM and PCA-LDA were employed to establish 

classification models to distinguish between CD and HC sample types [198]. Their 

PCA-SVM algorithm reached a higher classification accuracy than PCA-LDA of 82.5% 

versus 69.9% between CD and HC groups, respectively. In terms of disease severity, 

the classification accuracy was higher when comparing active CD/HC subjects than 

inactive CD/HC subjects at 86.8% and 76.5%, respectively. These findings indicate the 

potential of RS to effectively identify metabolic changes in patients’ urine and to 

monitor the progress and recurrence of disease.  
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Morasso et al. applied a similar approach to classification through a combination of RS 

and PCA-LDA in the diagnosis of CD. Dry plasma samples from CD and HC subjects 

were analysed with spectral differences between the two groups determined as well 

as those differences between CD patients with differing disease pattern [36]. The 

developed PCA-LDA model classified CD and HC subjects with a sensitivity of 80% 

and specificity of 85.7%. Biochemical variations were identified between the CD and 

HC sample types with the primary difference arising in the carotenoids, compared to 

the HC, CD spectra, which presented less intense peaks. Further differences were 

found with respect to β-sheet secondary structure of proteins and between the lipid 

and aromatic amino acid bands. This data combined, indicates the systemic metabolic 

alterations present in patients with CD, where for instance, the altered levels of lipids 

could indicate malnutrition due to reduced food intake to alleviate abdominal discomfort 

or due to the decreased absorptive surface of the bowel. Moreover, the value of this 

study lies in its ability to find a use as a screening tool in the diagnosis, or exclusion of 

CD. At present, no accurate blood biomarkers of IBD are available and those described 

markers, including anti-Saccharomyces cerevisiae antibody (ASCA) and perinuclear 

antineutrophil cytoplasmic antibodies (pANCAs), suffer from poor sensitivities and 

therefore, many patients undergo invasive colonoscopy procedures to rule out CD. A 

multivariate analysis of blood plasma could potentially present an exciting advance in 

the development of an effective first-line screening tool for the discrimination of CD. 

 

2.8.4 Raman Spectroscopic Assessment of IBD Severity 

Assessing disease severity in IBD is crucial for the evaluation of patient care and 

response to treatment. Due to the relapsing behaviour of IBD, it is essential that an 
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optimal treatment strategy is chosen and routinely evaluated. Clinically, the 

assessment of disease severity is validated using symptom scores such as Mayo 

Endoscopic score (MES), Robarts Histological index (RHI) and Ulcerative colitis 

endoscopic index of severity score (UCEIS). However, these scoring systems are often 

subject to bias, interobserver variability and the heterogeneity in patient clinical 

presentation [29], [195], [257]. Conventional IBD treatments typically result in non-

specific inhibition of inflammation, which leads to a reduction in clinical symptoms. 

Consequently, treatment endpoints have historically centred in assessing the severity 

of symptoms, despite their limited correlation with mucosal inflammation or the overall 

impact of the disease related morbidity and mortality [258]. To this end, it is essential 

that alternative methods for histopathological diagnosis of disease severity and activity 

are developed to shorten the time taken to make an informed diagnosis. Such 

methods, capable of real-time assessment of IBD severity will have inherent 

advantages, including for instance, monitoring the progression of disease to determine 

whether current treatments are effective and/or predicting the outcomes of the disease, 

i.e., as an indicator of long-term outcomes. Further, since severe or poorly controlled 

IBD may lead to complications including fistulas and structures, early recognition of 

severe disease state has the ability to prompt interventions to mitigate such risks [259]. 

It would also lead to improving the quality of life of the patients. Given that the more 

severe form of IBD often leads to much more pronounced symptoms and thus, limiting 

the daily activities to a greater degree, tailored treatment plans based on disease 

severity would also improve the overall quality of life. Further advantages of direct 

disease assessment include education - where the patients make a more informed 

decision related to their care and lifestyle and healthcare costs with severe IBD 
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associated with more frequent hospitalisations, surgeries, and expensive medicines – 

where the accurate severity assessments would optimise the more cost-effective 

strategies [260], [261].  

 

Moreover, Ding et al. studied the in-vivo analysis of mucosal lipids to determine 

histological disease activity in UC by way of an endoscope-coupled RS. The 

researchers systematically investigated lipids in inflamed colon tissue, which was 

correlated with histological assessment of inflammatory status at the same location 

and observed that inflamed colon tissue (histology grade 1-3) presented a substantial 

decrease (50-60%) in phosphatidylcholine content and total lipid count when 

compared to quiescent and control tissue (grade 0), indicating that active inflammation 

reduces the overall level of lipids in the colonic mucosa [196]. However, for the lipid 

count comparing control and grade 0 tissue, no significant differences were observed 

and similarly, between the 3 inflammatory grades (1-3) thus indicating, lipid content 

could serve as a potential spectral marker in the assessment of disease activity. The 

advantage of the presented technique over current qualitative methods e.g., mass 

spectrometry, is in its suitability and ease of use for the in-situ analysis of the colonic 

mucosa during endoscopy, eliminating the need for invasive biopsies. A further study 

with a similar focus in the field of RS assessment of IBD disease severity by 

Kirchberger-Tolstik et al. correlates Raman spectra obtained from tissue with the four-

level Mayo score used to indicate endoscopic disease severity. A one-dimensional 

deep convolution neural-network (1D-CNN) was applied to produce a predictive model 

of the Raman spectroscopic data [195], achieving a sensitivity and specificity of 78% 

and 93%, respectively. The main observable differences between spectra from normal 
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and inflamed tissue indicate the presence of increased levels of proteins, lipids, and 

DNA. The authors demonstrate the ability of the methodology to classify fresh biopsy 

samples as well as diseases beyond the IBD and describe a low-risk diagnostic 

procedure with a real-time to results workflow.  

 

2.8.5 Mucosal Healing in IBD 

Endoscopic mucosal healing (MH) is defined as “complete absence of all inflammatory 

and ulcerative lesions” upon endoscopy [258]. In recent years, MH has been proposed 

as a superior measure compared to clinical symptoms in predicting the effectiveness 

of treatments as well as disease trajectory. The primary objective of treatment for IBD 

patients has traditionally been to induce and maintain symptomatic improvement, or 

ideally, to achieve remission, leading to improved quality of life for patients. However, 

due to varying interpretations of MH, challenges associated with reproducibility of IBD 

scores among different observes and potential microscopic inflammation in mucosa 

which appears healthy during endoscopy, there is an urgent need for enhanced 

techniques to aid in defining treatment endpoints for IBD [262].  

 

Raman spectroscopic analysis has been in recent years proposed as a suitable 

methodology in differentiating mucosal healing from inflamed tissue. The first study 

published on this topic by Addis et al., investigated colon biopsy samples from 

quiescent (mucosally healed) and inflamed tissue in patients with UC. The suitability 

of RS in discriminating tissue, which has been described as histologically healed and 

tissue for which histological inflammation is still present, was assessed [188]. The 

authors identified clear differences between the two tissue types with significant 
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changes observed between the carotenoid peaks and two different phospholipid peaks 

[188]. These changes were attributed to the role of carotenoids as a defence 

mechanism against inflammation and that during inflammation, tissue loses integrity 

due to ulceration with such disruption leading to an expected decrease in 

phospholipids, further consistent with damage to the cell membrane. This study was 

limited to the single scan measurements of tissue biopsies and endoscopic scoring 

using the Mayo endoscopic score as opposed to the recently developed Paddington 

international virtual ChromoendoScopy ScOre (PICaSSO), which correlates strongly 

with the five most commonly applied histological indices in predicting histological 

remission [29].  

 

Smith et al. built upon this and further identified spectral changes before and after 

treatment as well as the ability of RS to differentiate between MH and inflammation 

combined with rapid machine learning classification. The authors identified significant 

decrease in peak intensity at Raman bands of 1003 and 1252 cm-1 post treatment and 

also when MH was observed [191]. Of further interest was the increase in intensity at 

1304 cm-1 detected in MH. [213]. The employed SKiNET algorithm achieved sensitivity 

and specificity of 96.3% and 95% in UC and 96.2% and 88% in CD patients, 

respectively. The detected spectral intensity increases were attributed to the 

inflammation present in both UC and CD tissue samples with phenylalanine associated 

with immune activation and an influx of inflammatory cells, similar to the previous 

studies, attributed to phospholipids with disruption in the bowel wall of inflamed tissue. 

Since this study was conducted ex-vivo, optimisation of laser power and exposure 
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times would be a primary requirement to enable translation into in-vivo clinical 

translations.  

 

2.8.6 Biomarkers in IBD via RS 

Diagnosis, evaluation of severity and prognosis still pose challenges for physicians in 

the clinic. The identification of potential biomarkers in IBD would therefore, offer 

important advantages including for instance, a more objective assessment thus, 

reducing the reliance on subjective evaluation of symptoms as well as early diagnosis 

of disease therefore, allowing timely interventions and improved outcomes. These 

would also offer treatment guidance in tailoring therapeutic strategies, monitoring of 

disease progression and a reduction in invasive procedures. Their use can therefore 

lead to an overall more effective and efficient healthcare delivery with improved 

outcomes for patients with IBD [263], [264]. 

 

Currently, blood and stool-based biomarkers offer reproducible and quantifiable 

resources which aid clinicians in the diagnosis and management of IBD with C-reactive 

(CRP), faecal calprotectin (FC) and lactoferrin being the only biomarkers routinely used 

in clinical practice [265], [266], [267]. CRP is an objective marker of inflammation in the 

assessment of disease activity however, it correlates less well in patients with UC 

compared to CD. It also has a lower sensitivity for mild or localised disease and as 

such, is mostly limited to more moderate or severe inflammation. In addition, whilst 

faecal markers such as FC and lactoferrin appear promising and may be more specific 

in the detection of gut inflammation, these markers require stool collection, often 

perceived as unpleasant for the patient. Recent studies also indicate the superior 
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performance of FC in the detection of UC than for CD. Further possible blood 

biomarkers of IBD have been described in literature with conflicting results. Perhaps 

the most well-known biomarkers are ASCA and pANCAs however, their sensitivity is 

currently poor at only 55% [268] thus, defeating their purpose.  

 

An optimal IBD biomarker detection technique should be simple, straightforward, 

minimally invasive, cost-effective, and rapid. It must also be reproducible between 

patients and laboratories and should possess predictive significance concerning the 

likelihood of disease relapse of recurrence. In pursuit of this objective, RS could aid in 

IBD biomarker identification via the enhanced understanding of the molecular basis of 

IBDs and combined with machine learning, would uncover complex relationships and 

patterns within large datasets, leading to the discovery of new candidate biomarkers. 

Previous studies using techniques such as enzyme linked immunosorbent assay have 

indicated differing levels of mucosal and systemic concentrations of pro- and anti-

inflammatory cytokines in patients with IBD, and here the ability of RS as a non-

invasive technique for the multiplexed profiling of saliva and tissue biopsies has 

successfully established unique molecular barcodes for candidate biomarkers of IBD.    

 

Overall, laboratory biomarkers are valuable and should be integrated into the 

comprehensive management of IBD. Nonetheless, it’s essential to recognise they are 

not a panacea and until additional data becomes accessible, the use of CRP and other 

laboratory markers should be regarded as a supplementary aid to clinical observation 

and physical examination rather than a substitute. Building upon demonstrating 

relevant RS applications for the clinical and biomedical fields, including biomarker 
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discovery and patient stratification with a potential to contribute significantly to the 

development of new diagnostic methodologies and therapeutic monitoring, further 

studies validating these findings will lay the platform for defining functional relevance 

in the complex aetiology of IBD as well as cementing Raman spectroscopy as a 

powerful technique for discovery of biomarkers in other diseases and biological 

samples with many ramifications. 

 

2.9 Point of Care Devices in Healthcare 

Point of care testing (PoCT) devices have emerged as invaluable tools in the diagnosis 

and management of many healthcare concerns, offering rapid, on-the-spot results that 

enable timely decision-making and patient care. For the diagnosis and monitoring of 

IBD several PoCT devices are currently available, each with unique features and 

applications, significantly impacting healthcare delivery for individuals. One such 

example is the faecal calprotectin at-home test. Faecal calprotectin is a well-

established biomarker for intestinal inflammation, making it a key target for PoCT 

devices [269]. It enables the quantitative measurement of calprotectin levels in stool 

samples, providing a non-invasive and cost-effective means of assessing disease 

activity. Faecal calprotectin levels demonstrate a stronger correlation with endoscopic 

disease activity compared to symptom-based clinical disease activity indices [270], 

[271]. Although the optimal cut-ff value for faecal calprotectin levels remains elusive, 

levels <250 μg/g indicate endoscopic remission in both UC and CD patients [272]. The 

at home- assay involves patients using a provided extraction tool alongside a 

manufacturer specific test cassette to collect a stool sample and extract calprotectin 

[273]. Patients may then use a smartphone equipped with a dedicated application to 
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capture images of the test strip, enabling them to conduct semi-quantitative faecal 

calprotectin measurements at home. In addition, endoscopic imaging devices, such as 

capsule endoscopes have revolutionised the diagnosis and monitoring of IBD at the 

point of care. These devices enable real-time visualisation of the GI tract, thus allowing 

clinicians to directly assess mucosal inflammation, disease extent, and complications 

without the need for traditional endoscopic procedures [274], [275].  

 

CRP is another commonly used biomarker for assessing systemic inflammation in IBD 

as well as CVD. PoCT devices for CRP measurement offer rapid results from a small 

blood sample, aiding in the diagnosis, monitoring, and risk stratification of patients with 

IBD or CVDs [276]. CRP levels >10 mg/mL are associated with disease progression 

to surgery. Dried blood spot CRP is an accessible remote monitoring tool whereby 

patients simply draw a small blood sample from their fingertip and place it on the test 

card [271]. Moreover, several qualitative PoCT devices capable of measuring several 

biomarkers of CVD including Decision point (Nexus Dx, USA) which requires 6 drops 

of blood placed on a cassette in order to directly measure cardiac troponin (Tn), 

creatine kinase (CK), and myoglobin (Myo), MI CK-MB (LifeSign, USA) which requires 

120 μL of either white blood cells, platelets or serum, Instant view (Alfa Scientific, USA) 

which requires 4 drops of serum and Cardiac STATus (Spectral Diagnostics, Canada) 

which uses 6 drops of serum are currently available technologies used to measure 

cardiac markers of disease [277], [278], [279], [280]. 
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2.10 Conclusions 

Here we have shown that Raman spectroscopy and saliva present a promising 

combination for translation to real-world use. Having surveyed Raman-saliva 

applications in both cardiovascular disease, IBD, alongside further applications in 

healthcare, current challenges with the non-specificity of biomarkers has been 

highlighted as a particular challenge highlighting the need for interdisciplinary 

collaborative research to further advance this field. This echoes the views of Poste et 

al. who has pointed out that, ‘Biomarker discovery should be a component of large 

research networks, involving industry and experts in molecular biology, genetics, 

analytical chemistry, computation, engineering, clinical-trial design, epidemiology, 

statistics, regulation and health-care economics’ [235]. A dedicated commentary on 

the specific field of EV related studies is included with a focussed discussion on the 

potential of extracellular vesicles which can be directly interrogated in saliva and blood 

plasma samples via Raman spectroscopy, for the specific detection of disease.     

 

However, the breadth of emerging studies, collectively, emphasise the promise of RS 

in providing crucial understanding along with timely detection of the molecular and 

structural changes occurring in, in particular, IBD-affected tissues such as the colon. 

Raman spectroscopy, by providing unique biomolecular spectral fingerprints of target 

analytes with a very rapid analytical response, enabling non-destructive, label-free, 

quantitative analysis of composition and structure with an inherently straightforward 

detection and no complex sample preparation, renders itself as a powerful in-situ 

technique, yielding quantitative outputs. The non-invasive nature combined with the 
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ability to offer real-time rapid analysis has been cementing Raman spectroscopy 

recognition as a valuable adjunct to conventional diagnostic methods.  

 

It is worth noting that albeit significant progress has been accomplished in these fields, 

challenges remain. One potential issue for real-world adoption is in a lack of 

standardisation in methods used within the current literature, from matters pertaining 

to biofluid collection, storage, and pre-processing, to those concerning Raman 

measurement protocols and chemometric analyses and classification. Standardisation 

of protocols and conducting larger-scale clinical studies are vital for advancing the 

clinical translation of RS in healthcare diagnostic and prognostic applications. Whilst 

RS has shown promise in research settings, there is limited clinical evidence 

demonstrating its diagnostic accuracy and clinical utility with many presented studies 

comprising small sample sizes. Thus, extensive clinical evaluation with much larger 

sample cohorts is an essential requirement in the clinical translation of RS. A further 

challenge associated with RS transition from benchtop to clinical laboratory and the 

bedside, is the complexity and cost of instrumentation. RS systems currently, require 

specialised personnel to operate, are often expensive and cumbersome to maintain. 

However, with the development and advancement of portable Raman instrumentation 

as well as hybrid PoCT technologies many of the existing limitations such as user-

friendly interface, flexibility and point-of-care testing are concurrently being addressed, 

rendering it increasingly valuable tool in healthcare settings. RS, further combined with 

advanced machine learning techniques, enable the enhancement of the accuracy, 

reliability, and speed of disease diagnosis and the imminent automated classification 

of Raman spectra along with assignment to a particular IBD or CVD biomarkers, tissue 
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type or disease state is perhaps the most important step for the translation of Raman 

based diagnostics to real-world, clinical applications. Moreover, hybrid RS-AI 

methodologies have the ability to support large-scale screening for IBD and CVD risk 

factors or early signs of the disease, particularly useful for identifying high-risk 

populations and implementing preventative measures given both the increased 

incidence and the prevalence of, for example, IBDs.  

 

Overall, the expanding interdisciplinary collaborations between clinicians, scientists, 

and engineers, which are pivotal to unlocking the full potential of RS for healthcare, 

are starting to bridge the gap between clinical research and practice, with the emerging 

findings being translated into real-life benefits for patients including, timely diagnosis, 

improved disease management and continued bedside monitoring. With the ability of 

RS to distinguish different diseased states, determine therapeutic response to 

treatment as well as characterise the complex microenvironment of the gut and 

beyond, this spectroscopic technique holds a further great potential to transform the 

early-stage IBD and CVD diagnosis and the long-term monitoring. 
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3.1 Abstract  
 
Saliva analysis has been gaining interest as a potential non-invasive source of disease 

indicative biomarkers due to being a complex biofluid correlating with blood-based 

constituents on a molecular level. For saliva to cement its usage for analytical 

applications, it is paramount to gain underpinning molecular knowledge and establish 

a ‘baseline’ of the salivary composition in healthy individuals as well as characterize 

how these factors are impacting its performance as potential analytical biofluid. Here, 

we have systematically studied the molecular spectral fingerprint of saliva, including 

the changes associated with gender, age, and time. Via hybrid artificial neural network 

algorithms and Raman spectroscopy, we have developed a non-destructive molecular 

profiling approach enabling the assessment of salivary spectral changes yielding the 

determination of gender and age of the biofluid source. Our classification algorithm 

successfully identified the gender and age from saliva with high classification accuracy. 

Discernible spectral molecular ‘barcodes’ were subsequently constructed for each 

class and found to primarily stem from amino acid, protein, and lipid changes in saliva. 

This unique combination of Raman spectroscopy and advanced machine learning 

techniques lays the platform for a variety of applications in forensics and biosensing. 

 
3.2 Introduction 
 
In the past decade saliva has been emerging as a potential candidate bodily fluid for 

medical diagnostics [1]–[3]. Owing to its non-invasive collection, simple, or no, pre-

processing required prior to analysis and yet, a similar rich molecular composition as 

of blood, this complex biofluid has been increasingly gaining scientific interest [4], [5].  

Like blood, saliva is rich in biochemical information and is comprised of a complex 
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mixture of proteins, lipids and many biological and inorganic components including 

hormones, antibodies, and growth factors [1], [6], [7] as well as a breadth of disease 

biomarkers [4], [8]–[10]. Thus, saliva is an attractive candidate biofluid to complement 

the routine use of blood for patient screening in diagnostics[11], dentistry [12], [13] or 

for evidence collection in forensics [14]–[16]. In contrast to blood however, saliva 

exhibits added advantages including the straightforward and less-demanding 

collection procedures, alleviating the discomfort to the subject in question and, the less 

physically intrusive but more cost-effective analyses options. Saliva procurement is 

non-invasive and painless, does not require highly trained personnel, and the collected 

samples are easily stored and transported. Importantly, in contrast to blood, saliva 

does not clot with time. Additionally, salivary secretions from individuals diagnosed 

with blood borne pathogens such as HIV have negligible rates of oral transmission due 

to factors that inhibit the infectivity of pathogens and therefore, are considerably safer 

to handle. 

 

Saliva therefore, has been increasingly exploited for biomedical applications in 

diagnostic assays including, the detection of acute myocardial infarction and 

inflammatory disorders [17]–[20].  Salivary research is also ideal for investigations 

relating to cancer research and diagnostics. It has been applied in oral, gastric, breast, 

lung, prostate and ovarian cancers to name a few [4], [5], [8], [10], [21], [22].  

 

Concurrently, Raman spectroscopy (RS), a form of a sensitive vibrational 

spectroscopy, which by exciting molecular bonds within a sample, provides a unique 

biomolecular spectral fingerprint of target analytes. Spectroscopic ‘fingerprints’ of 
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Raman spectra have been shown to identify the health/disease state of the subject 

from which the biofluid has been collected [4], [5], [8], [9]. In contrast to the in-vitro 

bioassays, the availability of inexpensive, portable RS instruments makes this 

technique particularly attractive for point-of-care sampling, analysis and screening of 

biofluids such as, saliva.  

 

There are a number of Raman spectroscopy studies where saliva has been deployed 

towards exploring applications in healthcare, in areas such as CVD and IBD [27], [28], 

therapeutics in chemotherapy [29]–[31], detection of oral cancer [21], [32], [33] and 

dental disease diagnostics [12], [34], [35].  SERS and microfluidics were further used 

to enhance the spectral response of saliva and to create small test platforms to be 

used [8], [36], [37]. However, none of these studies paid attention to the protein content 

of saliva samples and understanding of the role of proteins in the differentiation of 

abnormal cells from the control, protein backbone vibrations and the amide III regions. 

Therefore, understanding the protein content of saliva is necessary to take full 

advantage of the synergistic functions of saliva. The inherent inhomogeneity of saliva 

is most often overlooked by researchers, hence missing the fundamental 

characteristics of the sample. The utilisation of Raman spectroscopic profiling of 

healthy saliva also remains rather unexplored. Currently, there are no confirmatory 

tests specific to saliva in the field of forensic sciences.  Although the presumptive 

testing is based on the activity of amylase in the sample, it is found in two different 

forms within the human body and is therefore, not exclusive to saliva.   

 



 

 99 

Chapter 3 
Whilst research continues unravelling saliva as a potential alternative to blood- and 

tissue-based diagnostics, it is imperative to establish a ’baseline’ of inherent 

characteristics of this biofluid in healthy subjects, where the detected changes via 

Raman spectroscopy could be attributed to the underpinning variations in gender, age 

and function of temporal evolution. The only study, which has examined the gender 

related spectroscopic variations, is by Muro et al. who used internal validation of saliva 

samples via Support Vector Machine Discriminant Analysis (SVMDA) for forensics 

discrimination [38]. While the SVMDA model proved successful, no comparison of 

spectral changes due to gender was established to indicate spectral regions of change, 

and the authors concluded that there is a need for advanced multivariate analysis due 

to the high standard deviation of measurements [38]. 

 

Here, we present a proof-of-concept Raman spectroscopy profiling and classification 

of saliva as a function of age and gender as well as temporal evaluation, towards 

establishing an important baseline of healthy saliva in a form of a “multi-biochemical 

barcode”, as a characteristic tool for ongoing and future spectroscopic studies for 

diagnostic. We examine and systematically evaluate what is the spectral variability 

between healthy individuals, divided to female and male groups, as well as the main 

three representative age groups of young, middle-age and older adults and how these 

affect Raman spectra while gaining insights on the biochemical interpretation of 

spectral data. The effect of time from collection of saliva on spectral inter-variability is 

further examined to establish whether saliva as a biofluid exhibits major temporal 

changes in comparison to blood, which has been shown to considerably vary as a 

function of time from collection. The acquired spectral data is classified using our new 
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artificial neural networks algorithm, SKiNET as a decision support tool [39]. SKiNET is 

based on the separation of data classes in a self-organising map (SOM) with 

characterisation using a self-organising map discriminant index (SOMDI) enabling the 

subsequent classification of the tested data. The SOM is a model inspired by nature 

and the way that neurons in the visual cortex are spatially organised according to the 

type of visual stimuli. The SOM defines a 2D map of neurons, typically arranged as a 

grid of hexagons. Each neuron is assigned a weight vector, which is initialised 

randomly and has a length equal to the number of variables in a spectrum. The weight 

vector affects which neuron will be activated for a given sample and neighbouring 

neurons will have similar weights. Spatial clustering is therefore observed in the trained 

map, with spectra that exhibit distinct properties activating different neurons. To 

understand which features in the data cause certain neurons to activate over others, 

SOMDI is used. The SOMDI introduces class vectors as labels for each spectrum and 

corresponding weight vectors for each neuron, without influencing the training process. 

These allow for the identification of what type of data a given neuron activates, which 

can be used to inspect the weights across all neurons and extract prominent features 

belonging to each class. Neurons (hexagons) are coloured according to the modal 

class they activate, from the training set of Raman spectra. Neurons that have no 

majority class or activate none of the training data are shown in white. Coloured circles 

within each neuron represent spectra from the training data that have been activated 

for that neuron. For each class, there is a clearly defined block of neurons, with many 

of these activating only a single tissue type. An approximately even distribution in the 

number of neurons required to identify each class observed. The SOMDI provides a 

representation of weights associated with neurons that identify a particular class. A 
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higher SOMDI intensity indicates a greater importance of particular inverse centimetres 

along the axis of a spectrum. Well defined peaks can be easily resolved, which are 

either more prominent or unique to each class. Automated classification of Raman 

spectra and assignment to a particular tissue type or disease state is perhaps the most 

important step for the translation of Raman based diagnostic techniques to real world, 

clinical applications. 

 

Through inspection of key differences between neuron weights and class weight 

vectors, the algorithm enables identification of the key spectral changes. Training 

parameters used for the SOM included the grid size of 7, the learning rate of 0.2 and 

10 epochs. From the separation of classes, it is evident that there are characteristic 

differences due to the obvious classification of certain neurons. As such, there is a 

clear basis for differentiation enabling characteristic weight vectors to be derived in the 

SOMDI. The identified barcodes from this study act as a reference, constituting a solid 

basis towards developing standard protocols as an essential prerequisite for reliable 

studies aimed at establishing the feasibility of Raman spectroscopy as analytical tool 

for diagnostics and forensics. Molecular barcodes can further be constructed for 

distinguishing between disease and healthy states associated with spectral changes 

via an easy subtraction of the variations from the reference sample spectra. In 

conjunction with the emergence of state-of-the-art machine learning techniques, the 

development of reliable, rapid spectroscopic analytical tools, ultimately promises 

improved forensic science technologies, helping to identify a possible victim, suspect 

or criminal as well as a better quality and timeliness of disease diagnostics and tailored 

treatments. 
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3.4 Results and Discussion 

We have established a process aimed to identify how age and gender of the 

participants vary and impact the characteristic Raman fingerprints of the extracted 

saliva samples as well as to uncover the effects of time on saliva. Namely it includes 

saliva collection, centrifugation deposition onto an aluminium slide and measuring the 

corresponding Raman spectra (Fig. 3.1).  

 

Figure 3.1. Schematic representation of the experimental procedure for collecting and measuring saliva 

via Raman spectroscopy with the subsequent analysis of age, gender and time parameters. (Figure 

created in Biorendor.com) 

 

The measurement procedure was optimised to achieve high signal-to-noise spectra, 

with a 785 nm laser used for probing the samples composition due to its low levels 

fluorescence induction, minimal sample damage and good response in the fingerprint 

region [42]. Fresh saliva samples, from an overall of 38 female and 32 male 

participants with an age groups ranging between 22-70 y (<39>±15 y) and 24-80 y 

(<40>±16 y) respectively, were analysed using our recently developed neural network 
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SKiNET algorithm [41]. The derived weight vectors characteristic to each class are 

shown in Fig.6.2c-e. The greater the normalised intensity of each wavenumber, the 

more important that scatter band is to a class’ spectral fingerprint.  

 

Participants have been further sub-divided into age groups consisting of young adults 

(20-25 and 26-30 years), mid-aged adults (31-55 years) and older adults (56+ years) 

and the representative mean spectra of male (n=32) and female (n=38) saliva for each 

group are shown in Fig.3.2a-b. Age selection criteria was based on healthy adults with 

no known medical conditions that fit into each of the age ranges (see ‘Materials and 

Methods’) [15, 38, 68, 70]. The most prominent spectral features of the saliva for these 

groups are found at 630, 760, 855, 930, 1003, 1051, 1125, 1205, 1304, 1335, 1455, 

and 1655 cm-1, with the associated assignments summarised in Table 3.1.  

 

Table 3.1. Characteristic Raman peak assignments for the identified peak 

wavenumbers [9,10, 33,48]. 

Peak 
Wavenumber 
(cm-1) 

Assignment 

628 C-S stretch and C-C twist Protein; tyrosine  
760 Ring breathing mode tryptophan; proteins 
855 C-C; ring breathing mode tyrosine  
930 C-C stretch amino acids (proline, hydroxyproline and valine); proteins 
960 Calcium-phosphate stretching band (cholesterol), α-helix Proline, 

Valine (n (C-C)) 
1003 Symmetric ring breathing mode (phenylalanine, tryptophan) 
1051 
1070 

C-O and C-N stretch  
HCO3 

1076 C-C (Lipids); symmetric stretch of phosphates in hydroxyapatite 
1087 Vibration of DNA backbone; C-N stretch (proteins); PO3-2 anti-

symmetric stretch 
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1125 C-C skeletal stretch (lipids); C-N stretch (proteins) 
1205 Amide III; CH2 wagging and vibrations (glycine, proline, tyrosine and 

phenylalanine) 
1300 Amide III; CH2 twisting and wagging (lipids and/or proteins) 
1337/1339 CH2/CH3 wagging and twisting (proteins, nucleic acid, lipids), nucleic 

acid bases (n (C-H)) 
1456 CH2 and CH3 deformation vibrations (proteins and lipids) 
1655 Amide I region; C=C stretch (lipids); C=O stretch (proteins) 

 

Gender based spectral differences of male saliva (black) and female saliva (red) are 

found to vary significantly (Fig.3.2e). SOMDI scores show that it is intensity changes 

of the saliva rather than peak shifts that are responsible for the main differences. The 

male spectra were found to be distinct from female spectra due to the increased 

response at 630, 760, and 1003 cm-1 bands, with the female spectra showing an 

increased 855 cm-1 and 1300-1400 cm-1 response. Subtle differences are further 

noticeable at the 1051 and 1455 cm-1 shifts. The overall gender of saliva samples 

(independent of age) has been classified with an accuracy of 93.0±0.5% with a 10-fold 

cross validation. Protein, lipid, and amino acid assigned peaks are identified to 

represent the main changes in the spectra, accordingly.  

 

The peak at 630 cm-1, attributed to phenylalanine and linked to metabolites 

concentration, is decreased in the female spectra where salivary metabolites such as, 

the taurine and lactate are commonly identified [43]. The 1003 cm-1 peak is typically 

assigned to phenylalanine as well, but may also be attributed to lysine, which is known 

to be one of the most abundant amino acids found in saliva [44]. Phenylalanine is found 

in both the sequences for amylase and lipase, two of the major components of saliva. 

Phenylalanine, as an essential amino acid typically takes 2-3 hours to be fully absorbed 

in the body and up to 6 hours to breakdown. As preliminary studies aimed to identify 
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optimal salivary collection times showed no significant change in this peak after eating 

in individuals that were re-sampled, we determined that the effect due to ingestion of 

phenylalanine was negligible and thus was due to differences between males and 

females. A subtle peak shift is observed for the amide III region (1205-1300 cm-1) 

showing that the composition of saliva in both males and females is distinct from each 

other. A difference in salivary composition can be linked to flow rate, where Inoue et 

al. showed that the flow rate of saliva in females is considerably lower than in males 

as their submandibular glands, where unstimulated saliva is mainly derived from, are 

much smaller than their male counterparts [45]. Lastly, the Raman spectra of saliva 

show a lack of response in the amide I region.  Amide I along with aromatic breathing 

and C-H stretching peaks typically indicate a significant presence of protein in a sample 

[8], [13].   

 

Of a further consideration in a gender related spectroscopic study of female saliva is 

the effect of oestrogen on the salivary metabolome [46]. Salivary flow rate is 

significantly reduced in post-menopausal women in comparison with those who are 

menstruating (typically, ages of 45-50 are considered as the average menopause 

range) [47-49]. It has also been observed that salivary pH is significantly lower in post-

menopausal women and the pH of the mouth plays a key role in the salivary Raman 

response [47]. The normal pH of saliva is 6 to 7 however, this can vary from 5.3 (low 

flow) to 7.8 (peak flow). The buffer capacity of saliva includes protein (amylase, mucin 

and immunoglobulin A), bicarbonate and phosphate buffer systems and their main role 

is to maintain a constant pH [50-51]. The concentration of bicarbonate detected in 

saliva is dependent on salivary flow rate. Thus, when the flow rate is increased, both 
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bicarbonate levels and the pH also increase, leading to variance in the saliva spectra. 

Bicarbonate is observed at 1070 cm-1 and Fig. 3.2e shows a higher peak intensity in 

males than females indicating a higher pH and thus, a faster flow rate.  In addition, 

women are affected more often than men with autoimmune diseases, which are known 

to affect salivary gland function [52]. Therefore, this could also have an effect on the 

salivary flow rate, as for example in the Sjögren’s syndrome, where one of the most 

common symptoms is a dry mouth [53].  

 

The peak at 1340 cm-1, known to be associated with collagen, has a higher intensity in 

females than males.  Collagenase 3 (MMP-13) expression was first observed in breast 

cancer and is readily associated with diseases such as the osteoarthritis, which 

females are more likely to develop than men.   
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Figure 3.2. Representative mean spectra categorised by age for (a) female and (b) male saliva. SOM 

(left) and SOMDI (right) of (c) female and (d) male saliva, successfully classifying the saliva samples 

according to age with an accuracy of 70.0±1.2% and 78.0±0.1%, respectively. The sub-classification 

according to age for female and male samples are represented by black hexagons for 20-30 years, red 

hexagons for 31-55 years and purple hexagons for the age group above 56 years. (e) Classification of 

female (red) versus male (black) saliva with an accuracy of 93.0±0.5%. The biggest changes are 

observed at 630, 760, 855 and 1300 cm-1 bands.  
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A recent study by Virtanen et al. indicated an increased MMP-13 levels in female saliva 

[55]. The link between MMP-13 and its initial detection in breast cancer may potentially 

explain the increase observed in women and it is plausible that its metabolism could 

be an indication of hormonal associations. MMP-13 is also known to initiate bone 

resorption and activate proMMP-9.  Both matrix metalloproteinases have been 

associated with periodontitis.  Hernandez et al. identified elevated levels of MMP-13 in 

patients with chronic periodontitis indicating MMP-13 may play a role in the destruction 

of periodontal soft tissue [56].  

 

Interestingly, age related spectral changes of saliva split the male and female datasets 

further into chronological age categories of young (20-30 years), mid (31-55 years) 

and older (56+ years) adults. These results, for the first time, indicate that it is possible 

to detect and monitor the age of a person using Raman spectroscopy of fresh saliva 

for both male and females. 

  

Age based results empirically showed that the 20-25 and 26-30 age groups are closely 

clustered together and therefore, these have been grouped together for the further 

analysis. The variation in signal intensity for the four most prominent peaks as a 

function of the various ages is shown in Fig.3.3a-b for female and male saliva. The 

largest changes noted are for the 56+ age category, where the female spectral 

fingerprints are found to change the most. The largest differences in peak intensity are 

observed in the 56+ age group at 855, 1076 and 1456 cm-1, accounting for the ring 

breathing mode and C-C stretching, respectively.  For female saliva samples, there is 

a clear separation according to the age groups of 20-30 y (black), 31-55 y (red), and 
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>56y (green), classified with an accuracy of 70.0±1.2% (Fig.6.2c, left). The SOMDI, 

akin to a PCA loading plot, shows in order of decreasing influence that the 1051, 1003, 

1456, 855cm-1 peaks as well as the region of 1300-1400 cm-1 account for the most 

variance in the classes. It is further noted that the older adult category, i.e., >56 y, is 

the most distinctive age group, where an increase in peak intensity in the 1076, 1455, 

and 855cm-1 is identified. The younger adult category of female spectra is distinctive 

by the decreased intensity in the 1300-1400 cm-1 region and the increased intensity at 

the 1003, 630, and 760cm-1 peaks. Similarly, male age groups of saliva also exhibit 

the biggest variance in the ring breathing mode, C-N stretches for the >56y group with 

an increased peak intensity at 1455, 1051, and 855 cm-1. However, unique to the >56y 

male group, is the increase in the 760 cm-1 and in the 1300-1400 cm-1 peaks, attributed 

to the tryptophan ring breathing mode and amide III region (proteins). For the 20-30 y 

and 31-55 y age groups, a Raman shift occurs in the 1200-1300cm-1 region to 1300-

1375 cm-1. 

 

It is well-established that as people age, the rate, volume and composition of saliva 

changes [57].  Histomorphometric examinations of healthy salivary gland tissues have 

revealed a decrease in the number of acinar cells as in individual ages.  Xu et al. 

hypothesised that despite a loss of acinar cells, a secretory reserve exists to maintain 

the function of the salivary gland, thus potentially accounting for salivary changes with 

age.  We indeed observe this effect by the shift in the amide III peak of saliva for both 

genders although, it is more distinct in the male saliva. Both lysine (1003 cm-1) and 

glycine (1327 cm-1) are known to be the most abundant amino acids in saliva and 

increase in concentration in males and females as they age [57]. In addition, Nagler et 
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al. discuss differences in salivary gland size and the implication this would have on 

salivary components in the ageing process of both males and females [58]. The 

authors determined that older patients tend to commonly experience xerostomia, 

causing dry mouth and affecting salivary production and speech, causing oral 

infections and dental caries. At least 25% of the elderly population have xerostomia 

and many display symptoms without realising it. Although all patients are screened for 

health conditions, elderly patients may not have been officially diagnosed with 

xerostomia and thus, it may explain the significant variation in the salivary spectra of 

the elderly. 

 

Furthermore, the intensity changes observed in the 630 and 1003 cm-1 peaks between 

the 20-30 y and the >56 y groups indicate that the concentration of the associated 

amino acids is decreasing with increasing age. This is attributed to the reduction of the 

excretion rate of saliva with age and subsequently resulting in the decrease in the 

amino acids concentration [59]. In addition, a strong intensity change is observed 

between the age classes, with a higher response in the 56+ group at 1076 cm-1. This 

band is attributed to lipids, with the spectra indicative of increased biological matter in 

older saliva (56+). Underpinning this, might be the lower saliva production rates, which 

can act as a discernible factor when compared to saliva of younger people. A meta-

study by Affoo et al. found that saliva flow rate was significantly lower in older adults 

with such a decrease specifically attributed to the saliva from submandibular and 

sublingual salivary glands [60]. This decrease in flow rate can be also attributed to the 

loss of acinar cells, increase in adipose tissue and neurophysiological deterioration. In 

histopathological samples of salivary glands, glands of young adults show a more even 
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and compact lobar structure with a uniform appearance of parenchymal elements 

when compared to those of an older individual [57]. With age, histological studies 

indicate that although the number of salivary glands remain constant, the volume of fat 

and fibromuscular tissue increases in both the parotid and submandibular glands. 

Conversely, the authors also state that in elderly patients a reduced volume of acinar 

cell secretion is observed and is considered as one of the main causes of dry mouth. 

Combined, these changes can also lead to salivary gland hypofunction [57]. Also, with 

age the number of salivary glycoproteins increases as indicated in a mass 

spectroscopy study by Sun et al., where the N-glycoproteins were found to be related 

to innate immunity an individual has built over their lifetime against microorganisms 

and oral cavity protection [61]. In our case, the detected increase in proteins and the 

higher response in the over 56 group may indicate that a higher level of innate immunity 

has been established, thus a decrease in salivary flow rate appears to have an indirect 

influence on the overall quality of an individual’s saliva.  

 

One of the major components of saliva is amylase. However, two different forms are 

found in the human body, the AMYI and the AMY2.  AMYI (sAA) is detected more in 

saliva than in any of the other biofluids and therefore, has the potential to act as a 

unique biomarker.  Amylase contains phenylalanine in its sequence, resulting in a 

strong Raman peak at 1003 cm-1.  This peak is detected with a higher intensity in 

younger adults, 20-30 years of age, as opposed to the older 56+ group.  Different 

studies have conflicting opinions regarding levels of AMYI and its age-related 

differences.  Ben-Aryeh et al. indicated there was no statistical difference in AMY1 

between age groups [62], however Yim et al., determined the opposite [63].  
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Rutherfurd-Markwick et al. have shown that the amylase content of saliva increases 

steadily up to the middle age prior to stabilising and remaining constant in older adults 

[64]. The authors observed that amylase activity at rest was higher in a group of women 

than men.  AMYI is secreted by the salivary glands but at birth AMYI is not detected.  

Levels increase as an individual ages to adulthood. Similarly, salivary glands 

continually grow throughout childhood and mature during adulthood and thus, levels 

of AMYI indicate developmental differences and potentially influence Raman spectra 

of saliva.  Other studies have found that diet and stress affect AMYI levels.  Perry et 

al. have shown that populations or individuals with a high starch diet had a higher AMYI 

level than those with low-starch diets [65]. Furthermore, AMYI is secreted by the 

salivary glands in response to stressors.  Chatterton et al. have shown that 

psychosocial and physical stressors can rapidly increase levels of AMYI.  

  

In addition to amylase, lysozyme makes up another major component of saliva. The 

lysozyme peak was observed at 1343 cm-1with distinct intensity changes between the 

age groups.  In both males and females, the peak intensity was higher in older adults 

(30+). Lysozyme, a salivary protein plays a role in the nonimmunological bacterial 

defence system.  A study by Lira-Junior et al. found that elderly individuals (>64 years 

of age) had elevated counts of 24 out of the 41 investigated bacteria when compared 

to younger adults (<64 years of age) [66]. An increase in bacteria in older adults may 

account for the increase observed in lysozyme due to lysozyme providing antimicrobial 

activity. The lysine peak found at 1000 cm-1 also increased in intensity as individuals 

aged.  The peak was stronger for 56+ age group in both males and females. A study 
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by Tanaka et al. observed similar results with significantly increased lysine levels 

(p<0.05) with ageing regardless of gender [67].    

 

Figure 3.3. Variation in Raman intensity with age for (a) female and (b) male saliva. Barcodes derived 

from Raman spectra of saliva for age groups of 20-30y, 31-55y and >56y for (c) females and (d) males. 

(e) Comparison of PCA and SKiNET based classification of Raman profiling of saliva according to 

gender and age. (f) Barcoding analysis of male and female saliva for overall age groups. 

 

Total protein concentration in saliva also varies with age [66]. Average protein 

concentration has been shown to decrease from 3.25 mg/ml for 20-30 years young 

adult to 2.71 mg/ml for >56 years adult groups [67]. Furthermore, females exhibited a 
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considerably higher total protein concentrations than males, of 3.06 and 2.60 mg/ml, 

respectively [68]. Mucins (observed in the amide I region) are also more readily 

detected in young adults (20-30 years) than older adults (>56 years) [69]. Lower 

molecular weight proteins such as, the Statherin, Histatin (997cm-1) and Cystin (678 

cm-1) are also detected in young adults but not in older adults’ saliva.  Peroxidases, 

proline rich proteins (856 and 920 cm-1) and IgA (1480 cm-1) Raman bands are present 

in saliva across all age groups however, the concentrations differ with age as 

evidenced in Fig.3.2c-d. This indicates that there is an age-dependant influence on 

the specific secretion of one component but at other bands (930 and 1200 cm-1) where 

a lower intensity is observed, the concentration effect is due to the drop in salivary 

output. Moreover, the higher peak intensities observed at 855, 1003 and 1449 cm-1 

and an additional peak at 1550 cm-1 in older females (56+ age group), indicate the 

presence of different proteins, and age-related differences in the female parotid gland. 

This is in agreement with a study by Ambatipudi et al. who quantitatively analysed the 

variation and abundance of salivary proteins [70]. The study identified 338 proteins 

from the 20-30 years age group and 460 from the 55-65 years age group. The authors 

further classified each protein with the largest percentage, 40, belonging to the immune 

function group.   

 

Subsequently, spectral barcodes were generated to represent the Raman bands of the 

highest intensity and most significance, with spectral differences compared for age and 

gender. The second derivative of each spectrum was taken, with absolute values 

above 40% of the maximum peak assigned a value of 1. The cut-off threshold of 40% 

was selected from empirical testing, where bars overlaid below the threshold resulted 
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in an overly crowded spectrum. The overcrowding is due to the noise in the derivative 

spectrum and the need for a higher cut-off to allow only the most significant peaks to 

be identified. The balance of selecting the threshold value needs to be tested for each 

study, accordingly [71]–[73]. Barcodes derived from the mean Raman spectra for male 

and female saliva across all age groups are shown in Fig.3.3f and the barcodes 

derived for the specific age groups are shown in Fig.3.3c-d. These are found to be in 

an agreement with the SOMDI spectral features of the most significant classifications 

shown in Fig.3.2.  

 

While considering the barcoded spectra for gender classification, an overlap of the 

male and female spectral features can be seen with the most notable differences within 

the female barcodes is the appearance of more bands in the amide I and III regions as 

well as in the 800-860 cm-1 region. The high frequency of these bands correlates with 

the higher classification significance shown by SOMDI in Fig.3.2e, right. In the 

characteristic male barcode, the increased bands frequency found in the 900-1000 cm-

1 region is also found in the corresponding SOMDI. Similarly, for the classification of 

according to the age groups, the frequency of spectral bands in Fig.3.3, c-d is in 

correspondence to the Raman shift values in SOMDI (Fig.3.2c-d, right). Therefore, 

these barcodes can be used to identify both the gender and age of the subject 

according to the unique salivary spectral profile.  

  

We have further compared the classification accuracy of the Raman spectra based on 

standard and barcode-based approaches using SKiNET and PCA (Fig.3.3e). Standard 

spectral classification via the artificial neural network SKiNET shows the highest 
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accuracy for both gender and age classifications. In contrast, standard Principal 

Component Analysis (PCA) was found to exhibit the lowest accuracy, with a 

classification decrease of 27% for gender, 13% for male age groups and 26% for 

female age groups relative to SKiNET. A more enhanced classification is found when 

PCA is utilised in conjunction with the barcoded spectral approach. It is possible that 

the performance increase is due to the PCA classifying fewer complex spectra since 

the barcoded spectra pre-identifies the significant spectral features. SKiNET’s inherent 

ability to classify complex data with a higher accuracy whilst embracing and making 

use of the noisy data, enables it to achieve an overall classification accuracy of 93% 

for gender discrimination, specifically identifying males with 78% and females with 70% 

accuracy according to their ages.  

 

We have further studied the temporal profiles of saliva over a period of 7-days (Fig. 

3.4a). Saliva (males, 20-30 y) was stored at room temperature in a non-airtight 

microslide storage box during the study. The stability (or variability) of saliva as a 

function of time is an important factor in its assessment for suitability to act as a 

potential diagnostic biofluid and could find further uses in forensic applications, where 

hours or days may pass before the sample is acquired and analysed. The 

spectroscopic variation of the identified peaks at 630, 1003, 1051, 1458 cm-1 

responsible for gender and age classification is shown in Fig.3.4c-f. The C-C 

stretching around the 1125 cm-1 and in the Amide III, region exhibit the largest variance 

across the whole-time range (Fig.3.4b). The largest variation as a function of time is 

found at 855 cm-1, followed by the 1458 cm-1 peaks. These peaks are attributed to ring 

breathing mode tyrosine and CH2 and CH3 deformation vibrations (proteins and lipids).   
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Tyrosine -rich peptide statherin is a potent inhibitor of calcium phosphate precipitation. 

Human saliva is usually supersaturated with calcium phosphate salts that form the 

dental enamel. Therefore, tyrosine alongside proline rich proteins work to inhibit 

precipitation from calcium phosphate solutions. These inhibitors adsorb from the saliva 

onto surfaces such as, the tooth enamel and thus, work to recalcify the enamel and 

prevent the formation of mineral deposits on the tooth.  

 

Numerous components of saliva have been studied over time under different 

conditions.  At room temperature, analytes such as alpha amylase, cholinesterase, 

aspartate aminotransferase and catalase are all stable. However, lipase, creatine 

kinase and lactate dehydrogenase are considerably less stable after 2-3 days [74]. 

Salivary enzymes show the greatest degree of variation at room temperature however, 

the reason for these enzymatic activity changes is largely unknown and requires further 

study. Protein breakdown is expected to occur over the first four hours after sampling 

and therefore, this is where we anticipate seeing the majority of protein variation. This 

was observed in Fig.3.4 c, d and f, where the lowest saliva intensity was detected 

prior to stabilising over the proceeding days.  Each of the three peaks are attributed to 

proteins.  Esser et al. also shown that immediately after sampling, a large variation 

between the salivary contents of each patient’s salivary profile was observed [74]. It is 

possible, as opposed to a direct change in the analyte under investigation over a period 

of time, the identified changes are due to variation within the volunteer groups saliva. 

Variation could also be attributed to biological variations or differing observable 

degrees of protein degradation between individuals. The concentration of 

protein/enzymes within a patient’s saliva can also vary the length of time required to 
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cause any observable breakdown within the saliva sample thus, leading to variation 

between the samples.  After 4 hours, most peptides decrease in abundance since 

during this time period they are further degraded into single amino acids.  

 
Figure 3.4. Spectroscopic time series profiles of saliva between the ages of 23-27 (n=10), with (a) mean 

spectra measured over 7 days and (b) representative Raman peaks identified through SOMDI SKiNET 

analysis. (c) Box and whisker plots represent the minima, maxima, interquartile ranges, whiskers and 

the median in saliva intensity at (c) 630 cm-1, (d) 855 cm-1, (e) 1003 cm-1 and (f) 1458 cm-1 peaks. 

 

This could be observed on the spectroscopic time series as an initial dip in intensity 

before the increase when salivary stabilisation occurs. Overall, these results indicate 

that saliva appears to be stable over a time of 1 week with no significant changes in its 
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composition (p>0.05), making it a highly promising biofluid, which can maintain 

diagnostic significance over prolonged time. These results are in agreement with 

electrophoresis and mass spectroscopy observations by Chevalier et al., who studied 

saliva over 30 days [75], and by Kim et al., who used PCR analysis on saliva DNA 

found that unstimulated saliva remained unchanged for four weeks after initial room 

temperature storage. However, after 4 weeks there was a gradual reduction in its 

content [76]. 

 

3.4 Conclusions 

In this study, Raman spectroscopy has been established as an efficient technique for 

profiling the molecular composition of saliva. Gender and age differentiation have been 

enabled from the spectral fingerprints, identifiable from the representative 

chronologically defined age groups of young (20-30 years), mid-aged (31-55 years) 

and older (>56 years) adults, establishing unique molecular barcodes for females and 

males as well as each age group. Saliva also showed no significant change in its 

composition with time over a period of seven days. This is of a further importance if 

saliva is to be employed for either diagnostics or forensic purposes and might be 

beneficial over other human biofluids such as blood or the cerebrospinal fluid, which 

are known to rapidly and significantly change their properties from the time of 

excretion. The classification of the molecular spectroscopic profiles has been 

enhanced using our SKiNET algorithm with gender identification accuracy of 93% and 

average age sub-classification of 75%.  
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These results, addressing the underpinning molecular composition of healthy saliva, 

by considering changes due to gender, age, and time, allow the determination of sex 

and age of individuals. The identified unique molecular properties of the saliva 

combined with the remarkable progress in developments of Raman instrumentation, 

which has made great strides forward in the last few decades in terms of miniaturisation 

of sensing devices, lays the basis for the design of novel assays for on-site forensic 

and diagnostic point-of-need applications. Furthermore, the non-destructive nature of 

Raman spectroscopy, enables preservation of evidence and the subsequent 

diagnostic analyses of the salivary biofluid by additional techniques. However, with the 

obvious advantages for forensic applications in generating a primary victim or criminal 

profile, for diagnostic purposes, our results highlight the importance of the care that 

must be taken in designing and developing diagnostic assays. For efficient and 

accurate diagnostic significance of disease detection, the interpretation of Raman 

spectral differences, either in the form of peak shifts, broadening of peaks, change in 

intensities or appearance/disappearance of bands, should consider the inherent 

spectral differences arising from the variation in gender and age of the patients. The 

further effects detailed interplay of the effects on saliva composition arising from 

smoking or BMI variation are subject to further studies. Overall, Raman based 

diagnosis of the various disease pathologies via saliva detection is emerging as a 

promising tool for rapid point-of-care diagnostics. With the addition of the identified 

molecular profiles, a simple process of a ‘background-like subtraction’ of the healthy 

salivary barcodes will ensure the variation due to the factors such as sex, age, and 

further, therapeutic treatments and various underlying conditions, will be taken into the 
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account and reduce the error in the data interpretation of disease associated changes, 

leading towards improved diagnostic accuracy.   

 

Ultimate integration of such a tool with emerging artificial intelligence techniques, such 

as our recently developed SkiNET method will further provide important interpretable 

therapeutic and management guidance. Real-time, rapid in-vivo spectroscopic saliva 

measurements in patients could also enable establishing insights into biological 

pathways underlying the associated diseases pathophysiology and could conceivably 

allow tracking the passage and dosage of pharmacological therapeutics and 

anaesthetics. 

 

3.5 Materials and Methods 

3.5.1 Saliva Collection and Sample Preparation  

Saliva has been collected from 70 healthy consenting volunteers (32 males and 38 

females) with no previous health issues or chronic conditions. Samples were collected 

from healthy individuals only. All individuals recruited were subject to two-tier screening 

by the research team at the University Hospital Birmingham. The ethical framework for 

the laboratory studies for analysis of saliva samples from healthy volunteers using 

Raman Spectroscopy to explore age related variations comprises the Red Diamond 

ethics (ERN_18-2050) part of the NIHR portfolio study. Tobacco and alcohol usage 

were noted as factors preventing participants from donating saliva. The presence of 

pre-established pathology or chronic pathology (such as periodontitis, diabetes or 

cancer) was specific exclusion, and if this was identified or suspected in the recruited 

individual, they were excluded, and samples were dissuaded. Participants did not 
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consume any food or beverages 45 minutes prior to each sample collection, only drank 

water for at least 60 minutes prior to collection and avoided consuming foods with 

strongly coloured dyes on the day of collection. All samples were collected after 11 am 

to avoid the cortisol wave in the early morning. The passive drool method was used to 

collect approximately 2 ml of unstimulated saliva (sampling time: 5 minutes) in a 50 ml 

conical tube (Thermo Fisher, UK). The method allowed for direct collection of saliva 

without need of parafilm or a citrus liquid droplet to promote stimulated salivary 

emission. An unstimulated saliva was used herein since the previous studies using the 

stimulated saliva and chewing of parafilm are known to change salivary composition 

[77-78]. Stimulated saliva has shown to contain lower quantities of protein and has a 

lower viscosity than unstimulated saliva. [79-80]. 1 ml of the collected saliva was 

transferred into a 1.5 ml micro-centrifuge (Thermo Fisher, UK) tube and centrifuged for 

30 minutes at 10,000xg to remove the larger debris. After centrifugation, 5 µl of the 

collected supernatant was pipetted onto a microscope glass slide coated with 

aluminium foil with subsequent Raman measurements carried out immediately after. 

[81]  

 

3.5.2 Raman Spectroscopy  

Raman spectra were acquired via a Renishaw InVia Qontor confocal Raman 

microscope (Renishaw PLC, UK) equipped with a microscope Leica DMLM with a 50x 

objective, 785 nm excitation laser with an output power at the sample of 30-50 mW. 

Raman maps over a 100 µm x 100 µm grid were acquired for each sample with (100 

spectra) using a step size of 1.5 μm between points and an acquisition time of 10 s per 

spectra. 
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3.5.3 Data Acquisition and Analysis 

 WiRE 5.1 (Renishaw PLC, UK) was used to acquire the data and for the polynomial 

(5th order) background subtraction. Next the spectra were normalised using the 

standard normal variate (SNV) and subsequently, screened to remove cosmic ray 

peaks using a custom Python script (Python 3.7) [40]. The calcium spectra were 

identified by the presence of two dominant peaks at 620 and 1002cm-1. Following this, 

sets of 10 spectra from different map locations were averaged to improve the SNR. 

Boxplots and p-value calculations were generated and calculated using Python. The 

Student’s t-test was used to determine p-values. p<0.05 was considered significant. 

Multivariate analysis was performed using SKiNET, an open source analysis tool [41], 

with the accompanying Raman Toolkit web interface to build SOM models using 

training data and perform predictions against test data. SKiNET models were optimized 

by performing 10-fold cross validation on the training data, and tuning the number of 

neurons, initial learning rate and number of training steps. The final model used a 20 

x 20 grid of neurons, 57,600 training steps (5 epochs of the data), with an initial learning 

rate of 0.2. The initial neighbourhood size was maintained at 2/3 the edge length of the 

grid and cosine similarity used as the distance metric to determine the best matching 

unit. The optimized model was subsequently used to classify the previously unused 

test data. Classification using the test data were repeated 10 times from separate SOM 

initializations. The number for male/female participants were 32/38, respectively. 

Female age groups 20-30/31-55/56+ participants were 16/11/11 and male age groups 

20-30/31-55/56+ participants were 22/6/4, respectively. To achieve higher accuracy the 

SOM size, learning rate and number of epochs was empirically tested, with 

classification accuracy determined using a 10-fold cross validation. Stability of the 
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model was further verified by running a repeat initialisation of the classification five 

times. Barcoding was completed in the custom Python script, with barcodes generated 

using the Savitzky-Golay filter to calculate second derivative of each spectra, with a 

smoothing window of 21 and polynomial order of 2. The absolute values over 40% of 

the maximum peak height were assigned a value of 1, with values below 40% assigned 

a value of 0. These were overlaid on the mean spectra referencing the underpinning 

peak positions. Principal component analysis (PCA) was carried out in Python using 

the Sklearn Decomposition package, with pre-processed spectra split into a testing 

and training group (split of 75% training and 25% test). The model was initially trained 

and then tested to assess the classification accuracy with the classification repeated 

five times to obtain the error values.  
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4.1 Abstract  
 
Colonoscopy, the gold standard for diagnosing and monitoring inflammatory bowel 

disease, is a costly and invasive procedure often poorly tolerated by patients. In recent 

years, saliva analysis has gained interest as a potential non-invasive source of disease 

biomarkers due to its correlation with blood constituents at a molecular level. We aimed 

to investigate the diagnostic performance of Raman spectroscopic analysis on saliva 

samples compared to colonic tissues in patients with ulcerative colitis (UC), Crohn’s 

disease (CD) and healthy controls. The ultimate goal is to identify biomarkers or 

distinctive patterns which would help diagnose and monitor IBDs by analysing the 

differences in Raman spectral signatures. Consecutive patients with IBDs were 

recruited and underwent colonoscopy. Tissue biopsies were graded according to their 

histology via a selection of PICaSSO Histologic Remission Index (PHRI), Nancy Index 

Score (NIS), Robarts histopathology index (RHI), Mayo Endoscopic Score (MES), and 

Ulcerative Colitis Endoscopic Index of Severity (UCEIS). Via a combination of Raman 

spectroscopy and a new artificial neural network algorithm (SKiNET), a non-destructive 

molecular profiling tool enabling the assessment of both salivary and colonic biopsy 

tissues was developed. Artificial neural network computational tool, SKiNET, was used 

to identify spectral markers and discriminate healthy and IBD classes. This pilot study 

characterised the spectral signatures of 101 saliva samples (healthy = 61, UC = 22 

and CD =18) and 46 tissue biopsy samples (healthy = 14, UC = 17 and CD = 15). 

Samples were correlated with tissue pathology markers and endoscopic evaluation. 

SKiNET yielded 87.5% sensitivity and 89.0% specificity when classifying saliva and 

83.9% sensitivity and 84.6% specificity when classifying tissue biopsy. When 

comparing the spectral fingerprints of saliva to tissue biopsy, the UC spectra exhibit 
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similar Raman signatures with comparable intensities at the primary peaks of 1003 cm-

1, 1445 cm-1 and 1656 cm-1. In contrast, CD saliva and tissue biopsy indicate significant 

variance throughout the Raman spectral fingerprint region with intensity changes 

observed at each of the primary peaks and additional shoulder peaks. Raman 

spectroscopic analysis of saliva is a reliable, non-invasive tool for diagnosing and 

differentiating UC from CD. This unique combination of Raman spectroscopy and 

advanced machine learning represents significant progress towards improved, non-

invasive, and rapid classification of IBD. It lays the platform for various applications in 

disease diagnosis and monitoring.   

  

4.2 Introduction 
 
Inflammatory bowel disease (IBD) is a group of chronic inflammatory conditions that 

includes ulcerative colitis (UC) and Crohn’s disease (CD) (1). Although both are known 

to cause inflammation in the digestive system, UC affects the large intestine whilst CD 

can affect any part of the digestive tract from the mouth to the rectum [1]. Colonoscopy 

remains the most important investigation for diagnosing and monitoring IBD despite 

being an invasive and costly procedure, often poorly tolerated by patients. Therefore, 

accurate and non-invasive alternatives for IBD diagnosis and monitoring are needed 

to reduce the burden of invasive testing [2]. 

 

Thus far, the only biomarkers used in clinical practice are circulating C-reactive protein 

(CRP), and faecal calprotectin (FC). However, the utility of CRP is mostly limited to 

moderate or severe settings, as well as having a low sensitivity for mild localised 

diseases. In contrast, FC requires the collection of stool samples, which can be 
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impractical and often perceived as unpleasant. Moreover, no biomarker can 

differentiate IBD from other causes of intestinal inflammation, e.g., UC from CD. 

 

More recently, saliva has gained interest as a readily available biofluid, which can be 

easily collected in any setting without needles or invasive procedures [3]. Saliva 

contains a host of hormones, antibodies, enzymes and growth factors, many of which 

enter from the blood via transcellular or paracellular routes, meaning that many 

constituents are also present in blood. Therefore, saliva can reflect an individual's 

physiological state [4]–[7].  Although saliva has potential diagnostic properties, a 

challenge with this biofluid is the relatively low concentration of biomarkers compared 

with the levels typically found in blood. Nevertheless, new, more sensitive and rapid 

methodologies such as, Raman spectroscopy (RS), have emerged as a useful tool to 

overcome these issues [8]–[13].  

 

RS is a novel method used to study the vibrational modes of molecules by analysing 

the light scattered from a biological sample [14]. RS has been used to analyse tissues 

and cells in real-time, without additional staining or labelling, successfully 

distinguishing between healthy and diseased samples based on spectral fingerprints. 

Of a particular benefit for clinical settings, RS is capable of revealing altered 

biochemistry within an individual’s body, specific to a particular disease, which 

precedes macroscopic tissue changes [15-17]. It has, thus, proved to be a versatile 

tool in clinical diagnostics, aiding in the detection of a variety of diseases ranging from 

cancer [18] through infectious [19], [20] to neurodegenerative diseases [12]. 
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In the current study, we investigated the potential of Raman spectroscopy to reflect 

salivary changes consistent with IBD, establishing if it can be a useful diagnostic 

adjunct. We further examined and systematically evaluated Raman spectral 

fingerprints of saliva and endoscopic tissue biopsies from patients diagnosed with IBD. 

Finally, we have evaluated the spectral variability between CD and UC types and 

determined the subsequent ability to discriminate between the disease subtypes.   

 

4.3 Results 

Saliva was collected from 101 participants (22 UC, 18 CD and 61 healthy controls), 

and colon tissue biopsies were collected from 13 IBD patients (UC 8, CD 5) and 6 

healthy controls.  

Figure 4.1. Experimental roadmap indicating (a) endoscopic biopsy collection (i), saliva collection and 

centrifugation (ii), Raman analysis (b) indicating spectral fingerprints of healthy and diseased sample 

types, data analysis (c) including baseline subtraction, normalisation and SKiNET classification and (d) 

tissue biopsy histology correlation. (Figure created in Biorendor.com) 
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Patients’ demographic, endoscopic and histological characteristics are summarized in 

Table 4.1. An overview of the experimental roadmap is presented in Fig. 4.1, showing 

the established process including saliva collection, endoscopy for tissue biopsy 

retrieval, Raman spectral analysis, histological tissue examination and artificial neural 

network algorithm-based data classification. 

 

4.3.1 Raman Spectroscopy of Saliva 

Fig.4.2 demonstrates the Raman spectral fingerprints of saliva from UC (n=22), CD 

(n=18) and healthy patients (n=61). A representative mean spectrum in the fingerprint 

spectral region of 700-1700 cm-1 for healthy and IBD saliva is shown in Fig.4.2a, with 

further sub-classification of UC and CD in Fig.4.2b with the derived weight vectors 

characteristic for each class in Fig.4.2c-h. 

 

Each sample was analysed via mapping of 100 spectra, providing a total of 10,100 

spectra used to train the SKiNET model, and out of these, 20% were set aside for 

testing. In the testing phase, SKiNET distinguished healthy from IBD patients with a 

sensitivity of 87.5 (86.1 – 88.9) %, specificity of 89 (86.9 – 91.1) %, positive predictive 

value (PPV) of 89 (87.3 – 90.7) %, negative predictive value (NPV) of 87.3 (84.9 – 

89.6) % and an accuracy of 89.9 (87.6 - 92.2) %. Performance did not vary significantly 

when restricting the analysis to only one type of IBD, UC or CD vs. controls, indicating 

the reliability of this method for both conditions (Table 4.2). 
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Table 4.1. Overview of patient demographics of IBD patients.  

 

Characteristic  Total (n=33) 
Age (median, std, yrs) 43.7 ± 14.9 
Sex  

Female na 
Male na 

  
Disease duration (years) 72.6 ± 8.8 
UC patients 16 (48.5%) 
UC Montreal disease extension  

Proctosigmoiditis 7 (43.7%) 
Left colitis 1 (6.25%) 
Pancolitis 4 (25%) 

CD patients 17(51.5%) 
CD Montreal disease localisation  

Ileal 5 (29.4%) 
Colonic 2 (11.8%) 
Ileocolonic 8 (47%) 

CD Montreal disease behaviour  
Inflammatory na 
Stricturing na 
Penetrating na 

Perianal disease 2 (11.8%) 
CDAI na 
pMAYO na 
SES-CD > 2 na 
Rutgeerts score ≥ 2 na 
MES >1 
MES ≤1 
UCEIS ≤1 
UCEIS > 1 
PICASSO 

5 (8 na) 
3 
 
2 
6 (8 na) 

Baseline anti-TNF-a therapy 6(18.1%) 
Baseline AZA therapy 4(12.1%) 
Baseline Vedolizumab 3(9.09%) 
Baseline ustekinumab 5 (15.1%) 
Baseline tofacitinib 4(12.1%) 
Baseline mesalamine therapy 5 (15.1%) 
Baseline risankizumab 1 (3.03%) 
CRP (mg/L) 10.3 ± 9.8 
FC (μg/g) 298 ± 8.9 
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Figure 4.2. Representative mean spectra comparing (a) healthy and IBD participants and (b) healthy, 

CD and UC participants. SOMDI (left) and SOM (right) of (c) healthy and IBD, (e) healthy, UC and CD 

and (g) CD and UC saliva. The classification according to diseased state is represented by black 

hexagons for healthy, blue hexagons for CD and red hexagons for UC. 
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Table 4.2. Classification performance of saliva samples. 

Comparison Sensitivity 
(%) 

(95% CI) 

Specificity 
(%) 

(95% CI) 

PPV (%) 
(95% CI) 

NPV (%) 
(95% CI) 

Accuracy (%) 
(95% CI) 

p-values 

Healthy vs. 
IBD 

87.5 
(86.1 – 88.9)  

89 
(86.9 – 91.1) 

89 
(87.3 – 
90.7) 

87.3 
(84.9 – 
89.6) 

89.9 
(87.6 - 92.2) 

<0.0001 

Healthy vs. 
UC 

91.6 
(88.9-94.3) 

88.1 
(85.8 – 90.4) 

88.5 
(86.5 – 
90.5) 

88.5 
(86.6 -
90.4) 

80.1  
(78.4 - 81.8) 

<0.001 
 

Healthy vs. 
CD 

87.3 
(84.3 – 90.3) 

87.7 
(85.7 – 89.7) 

86.1 
(83.3 – 
88.8) 

88.9 
(87.2 – 
90.7) 

80.3 
(79.1 - 81.5) 

 

<0.001 

       

 

Further subclassification identifying the accuracy of UC versus the CD and healthy 

controls and CD versus the UC and healthy controls was performed (Table 4.3), 

exhibiting overall high sensitivity and specificity in discriminating UC from CD, 

achieving 90.7% and 87.8%, respectively. 

 

Table 4.3. Classification performance of ulcerative colitis and Crohn’s disease sub-

classification. 

Comparison Sensitivity (%) 
(95% CI) 

Specificity (%) 
(95% CI) 

PPV (%) 
(95% 
CI) 

NPV (%) 
(95% CI) 

Accuracy 
(%) 

(95% CI)  

p-
values 

UC vs. All 
(CD + HC) 

88 
(84.8 - 91.2) 

89.4 
(86.9 – 91.9)  

89.6 
(87.7 -
91.5) 

87.8 
(86.1 – 
89.6) 

88.7  
(87.2 – 90.2) 

 

<0.0001 

CD vs. All 
(UC + HC) 

89.5 
(87.2 – 91.2) 

85.3 
(82.3 – 88.3) 

86.7 
(85.1 – 
88.6) 

88.3 
(86.3 – 
90.3) 

86.5 
(85.5 – 87.5) 

<0.0001 

UC vs. CD 90.7 
(88.5 – 92.9) 

87.8 
(86.0 – 89.6) 

87.4 
(85.5 – 
89.3) 

91.1 
(88.8 – 
93.4)  

89.2 
(87.7 – 90.7) 

 

<0.0001 
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The spectral signature for both the healthy and IBD classes appears similar with 

primary peaks observable at Raman shifts of 853, 879, 932, 1003, 1051, 1077, 1086, 

1127, 1316, 1445 and 1656 cm-1. The most striking difference between the three saliva 

subgroups is in the intensity of the peaks at 1003, 1051 and 1445 cm-1. These are 

found to be considerably higher in patients diagnosed with UC than in both CD and 

healthy cohorts. In terms of the biomolecular composition, all three spectra exhibit 

vibrational contributions from proteins, lipids, nucleic acids, amino acids as well as 

carotenoids, hypoxanthine, myoglobin and haem. The detailed list of detected peaks 

and the corresponding Raman assignment is summarised in Table 4.4. 

 

Table 4.4. Raman peak assignments of healthy, IBD saliva and tissue biopsy. 

Peak (cm-1) Assignment  Reference 
759 Tryptophan -ring breathing vibration [28]–[30] 

830-853 Tyrosine doublet (protein) [29], [31] 

873 (ρ(CH2) in proteins) [32] 

875, 879 Phosphatidylcholine [31] 

936 Protein Backbone [30] 

1003 Phenylalanine, carotenoids [28], [29], [31], [33], [34] 
1045 Proline [35], [36] 

1124 Lipids [36] 

1160 (β-carotene) [32] 

1153 V(C-N), β-carotene, terpene [29], [36] 

1125 Myoglobin (haem core), phospholipids, proteins [34] 
1307 Phospholipids, lipids, adenine, myoglobin (haem core) [34] 
1342 Protein [31] 

1352 Nucleic acids [37] 

1368 Tryptophan, guanine, thymine, myoglobin (haem core) [34] 
1372 Lipid [32] 

1445 Lipid and protein [31] 

1450 CH2-deformation [33] 

1468 δ(CH2) [29] 

1472 CH2 bending of lipids and proteins  [37] 

1656 Lipid/Amide I [30], [31] 
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1657 C=C stretching in lipids [28] 

1658 (v(C = O )), Amide I and lipids [32] 

 

The spectra in Fig.4.2a-b depict typical molecular characteristics of biological 

materials. For instance, the primary band at 1003 cm-1 is attributed to phenylalanine, 

1445 cm-1 is the CH2 deformation, and 1620-1680 cm-1 is associated with the Amide I 

band. Assignments for the peaks which contribute significantly to class discrimination, 

not limited to prominent features, include 853 cm-1 (tyrosine), 879 cm-1 

(phosphatidylcholine), 932 cm-1 (protein backbone), 1051 cm-1 (Proline), 1077 cm-1 

(DNA and phospholipids), 1095 cm-1 (Hypoxanthine), 1127 cm-1 (Myoglobin) and 1445 

cm-1 (Proteins and lipids). Comparing UC to CD (Fig.4.2g), reveals more intense peaks 

in CD samples, related to protein backbone, tricaprylin and myoglobin whereas the UC 

samples exhibit stronger peaks of phenylalanine, carotenoids, Amide II, CH2 

deformation of proteins and lipids and Amide I. 

 

4.3.2 Raman Spectroscopy of Colon Tissues  

Raman analysis of 44 tissue biopsies collected from IBD patients (17 UC and 15 CD) 

and healthy controls (n=14) was subsequently performed. 4,400 spectra were used for 

characterisation and disease state classification. A comparison between the mean 

spectra obtained from participants within each disease category is shown in Figs.4.3a-

b with subsequent classification via SKiNET (Fig.4.3c-h).  

 

Similarly, to the saliva data set, results discriminating between healthy and diseased 

biopsy tissue types were assessed as well as those comparing UC to CD (Table 4.5). 
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Test sensitivity, specificity and accuracy were found to be high for all comparisons 

drawn. 

 

 
Figure 4.3. Representative mean spectra comparing (a) healthy and IBD participants and (b) healthy, 

CD and UC participants. SOMDI (left) and SOM (right) of (c) healthy and IBD, (e) healthy, UC and CD 
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and (g) CD and UC tissue biopsy. The classification according to disease state are represented by black 

hexagons for healthy, blue hexagons for CD and red hexagons for UC. 

Table 4.5. Classification performance of biopsy tissue comparisons. 

Compariso
n 

Sensitivity 
(%) 

(95% CI) 

Specificity 
(%) 

(95% CI) 

PPV (%) 
(95% CI) 

NPV (%) 
(95% CI) 

Accuracy (%) 
(95% CI) 

p-values 

Healthy v. 
IBD 

83.9 84.6 87.6 88.2 82.5 
(81.1 - 83.9) 

<0.001 

Healthy v. 
UC 

94.7 90.4 90.0 95.0 90.0 
(89 - 91) 

<0.0001 

Healthy v. 
CD 

94.4 
(92.4 – 
96.4) 

86.3 
(84.8 – 
87.8) 

85 
(82.7 – 
87.3) 

95 
(92.8 – 
97.2) 

90.2 
(89.4 - 90.8) 

<0.0001 

UC v. CD 91.2 
(90.0 – 
92.5) 

91.9 
(90.2 – 
93.7) 

91.9 
(89.6 - 
94.3) 

91.1 
(88.5 – 
93.7) 

97.5 
(96.5 - 98.5) 

<0.0001 

 

The most prominent spectral features of tissue biopsy for the three groups are found 

at 780, 828, 853, 877, 936, 1003, 1110, 1127, 1305, 1339, 1445, 1548 and 1657 cm-1 

with the greatest intensity changes arising from 936, 1003, 1305 and 1657 cm-1.  The 

peaks at 1003 cm-1 (phenylalanine), 1305 cm-1 (CH2-twisting), 1445 cm-1 (CH2-

deformation) and 1657 cm-1 (Amide I) are typically used to characterise the protein-

lipid composition of biological tissues. Other prominent features of the three tissue 

biopsy groups include the 780 cm-1 (Tryptophan), 828 cm-1 (DNA Phosphate group), 

877 cm-1 (Phosphatidylcholine), 936 cm-1 (Protein backbone), 1110 cm-1 (C-C vibration 

of gauche bonded chain) 1127 cm-1 (Myoglobin), 1298 cm-1 (CH2 bending of proteins 

and lipids) 1339 cm-1 (Proteins) and 1548 cm-1 (Amide II). The CD saliva samples (Fig. 

4.3g) exhibit more intense peaks associated with the CH2 bending of lipids and 

proteins, a stronger protein backbone peak and more prominent bands in the Amide II 

region as well as the phenylalanine. In contrast, the UC saliva samples exhibit stronger 
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intensities representative of the C-C vibration of gauche-bonded chain, of the CH2-

deformation of proteins and lipids and in the Amide I region.  

 

4.3.3 Comparison of ΙΒD Saliva Samples and Tissue Biopsies 

The average Raman spectra comparing UC and CD saliva and tissue biopsy with the 

corresponding SOM clustering are shown in Figure 4.4. Raman analysis of 32 tissue 

biopsy samples (17 UC and 15 CD) and 40 saliva samples (22 UC and 18 CD) was 

performed, yielding a total of 7,200 spectra for characterisation and SKiNET 

classification. 

 

Figure 4.4. Average baseline-subtracted Raman spectra comparing (a) UC saliva to 

UC biopsy tissue and (c) CD saliva to CD biopsy tissue. Corresponding SOMs of (b) 

UC and (d) CD. Red hexagons indicate biopsy tissue and black hexagons indicate 

saliva. 
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The mean UC spectra in the fingerprint region depicted in Fig.4.4a is of a similar 

spectral fingerprint, with comparable intensities at each primary peak. This is further 

supported via the SOM (Fig.4.4b), exhibiting an overlap between the two spectra. 

Strong peaks are identified in both sample types at 1003 cm-1 (Phenylalanine), 1445 

cm-1 (Lipids) and 1656 cm-1 (Amide I). 

 

In contrast, CD saliva and tissue biopsy spectra (Fig.4.4c) indicate significant variance 

throughout the fingerprint region. Significant intensity changes (p***<0.0001) are 

observed at shifts of 940 cm-1 (protein backbone), 1080 cm-1 (phospholipids), 1549 cm-

1 (deoxy-myoglobin) and 1656 cm-1 (Amide I). Additional shoulder peaks are observed 

in CD saliva at 1045 cm-1 (proline) and 1412 cm-1 (plasmatic lipids). Fig.4.4d 

demonstrates the difference between the sample types with the clustering of the two 

groups visible in SOM. Intensity changes observed at Raman bands of 940 and 1125 

cm-1 are most likely attributed to higher levels of acute phase proteins, such as CRP, 

circulating in both blood and saliva. Indeed, amongst participants within the study, CRP 

levels were significantly higher in CD patients than those with UC (12.6 mg/L vs. 3.5 

mg/L).  

 

4.4 Discussion 

In recent years saliva has gained a lot of attention as a non-invasive, easy and readily 

accessible diagnostic biofluid.  This pilot study is the first to investigate the potential 

role of saliva in the diagnosis of IBD via Raman spectroscopic analysis, successfully 

validating and confirming that RS can accurately detect molecular fingerprints 

associated with IBD and further distinguish IBD from healthy controls. Building upon 
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the previous preliminary studies by Bielekci et al., Bi et al. and Smith et al., which 

indicated that RS could differentiate between inflamed and healthy colon tissues and 

CD and UC [4], [28], [38], the adopted approach is yet to overcome the obstacle of 

endoscopy and indeed, an urgent need in IBD - the availability of reliable, non-invasive 

diagnostic tools, remains unmet.   

 

Herein, we have developed a protocol and utilised an advanced spectroscopic analysis 

of saliva, an often-overlooked body fluid whose composition is known to reflect the 

overall health state. Via RS, an emerging technique, which permits the detection of 

biochemicals down to ultra-low concentrations, combined with advanced AI, we have 

overcome the main limitations associated with the use of saliva, resolving peaks of 

significance within the largely overlapping spectra from saliva and colon. This indicates 

the ability of saliva to act as a diagnostic biofluid, paving the way for the broader 

exploitability of this biofluid in the wider medical fields in various clinical applications. 

The study further highlights the potential of Raman spectroscopic analysis in 

conjunction with advanced machine learning algorithms for the rapid and precise 

differentiation between individuals with IBD and those healthy control groups. By 

combining Raman spectroscopy and machine learning techniques, we have achieved 

a higher diagnostic performance than current biomarkers. This enables swift and 

accurate discrimination of IBD patients from healthy individuals. Noteworthy, this holds 

significant promise for medical diagnostics, particularly due to the convenience and 

accessibility of saliva as a sample source. Furthermore, this hybrid approach can also 

distinguish between subtypes of IBD with high accuracy, unlike other non-invasive 

tools. When comparing RS with other non-invasive biochemical tests for IBD, it is 
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important to note that this spectroscopic technique provides an inherent overview of 

the biochemical composition of the whole tissue as opposed to detecting individual 

molecules and thus, allowing for a more comprehensive assessment of the studied 

matter. 

 

We demonstrate that Raman spectral analysis, although presenting definite similarities 

between UC, CD and healthy controls, allows the successful differentiation of patients 

according to these groups with high accuracy. Specifically, several statistically 

significant peaks identified from Raman spectra indicate the abundance of certain 

biochemical bonds, allowing the subsequent characterisation of the molecular 

composition of each sample. A specific Raman spectrum reflects biochemical changes 

attributed to a particular disease, which may precede any identifiable macroscopic 

tissue changes. For instance, the increased intensity of the peak at 780 cm-1 in healthy 

control biopsies is attributed to tryptophan. Tryptophan is negatively associated with 

inflammation and immune response, and its serum levels are significantly lower in 

patients with IBD than in healthy controls, with a stronger reduction in CD patients [39], 

corresponding with the decrease observed in IBD patients in our study. Moreover, 

gross comparison of Raman spectra revealed substantial differences between spectra 

from healthy, UC and CD patients, with the greatest intensity change observed at 1003 

cm-1 associated with the phenylalanine, which was detected at a greater abundance in 

both UC and CD saliva samples relative to the healthy counterparts. Increased levels 

of phenylalanine have previously been associated with immune activation and 

inflammation and therefore, in the diseased state, there is a greater infiltration of 

inflammatory cells, leading to increased phenylalanine levels (Fig. 4.2b) [40], [41].  
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We recognise the potential limitations of this study. While the connection between 

specific chemical bonds and their corresponding spectra is well understood, 

interpreting the biological implications of changes in the abundance or reduction of 

certain molecules can be more complex and may only sometimes have a 

straightforward interpretation. Yet, the differences in molecular abundance as detected 

via RS can allow for the identification of new disease biomarkers. Most of the relevant 

peaks detected in this study correspond to the previously established spectroscopic 

changes [5], [28], reassuring the reproducibility of this technique. However, it is worth 

noting that this is a pilot exploratory study and further larger clinical trials will be needed 

to validate the results with larger cohorts. Furthermore, the quantitative association 

between RS and inflammation is yet to be established. At present, our methodology 

differentiates dichotomous disease from healthy cohorts, however, it is reasonable to 

speculate that with further analysis, this will allow the grading of severity of 

inflammation from salivary spectra, expanding the potential use of saliva not only as a 

diagnostic biomarker but also, as one capable of monitoring disease activity as well as 

patient response to current and newly developed therapeutics. 

 

Overall, remarkably, RS rapidly and accurately captures intensity changes at specific 

spectral bands linked to variations in acute phase protein levels, particularly the CRP. 

These changes are indicative of inflammatory responses, such as those seen in IBD 

patients. Hence, the link between Raman spectral changes and biomolecular 

alterations paves the way for grading the disease severity. Long-term applications of 

saliva as a Raman diagnostic tool include early disease detection and intervention, the 
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ability to monitor disease progression and patient response to treatment and 

integrating the methodology into point-of-care diagnostics.   

  

4.5 Conclusions 

New technologies capable of detecting biomolecular changes in a timely manner as 

well as discriminating between diseased states of individuals, are essential for 

independent disease identification and non-invasive, biopsy-free monitoring. Herein, 

Raman spectroscopy has been established as an efficient technique for diagnosing 

IBD, including both UC and CD. The diseased state of the patients as well as sub-IBD 

differentiation have been discerned from Raman spectral fingerprints combined with 

advanced SKiNET classification from clinical samples. Our technique successfully 

discriminated between UC and CD subtypes of IBD with high accuracy in saliva and 

tissue biopsies. Overall, Raman-based diagnosis of IBD and its associated pathologies 

via saliva detection is emerging as a promising tool for rapid, non-invasive disease 

diagnostics. Future research will implement a Raman-based methodology for timely, 

non-invasive diagnosis of IBD combined with the ability to grade the disease severity 

and monitor patient response to therapeutics. 

 

4.6 Methods 

4.6.1 Patients 

Patients with an established diagnosis of UC or CD (aged ≥ 18 years), irrespective of 

diseased state or treatment history, were recruited from the IBD clinic of Queen 

Elizabeth Hospital Birmingham, UK. Healthy controls, those with no known 

concomitant or previous health issues, aged 18 ≥ years, were also recruited. The study 
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was approved by Ethics Committee (RRK6508) with written consent obtained from all 

participants. 

 

4.6.2 Saliva Collection and Preparation 

All participants were instructed not to consume any food or drink 45 minutes before 

sample collection, to only drink water at least 1 hour prior to collection and to avoid 

eating any foods on the day of collection that contain strong dyes. Using the passive 

drool method, approximately 5 mL of unstimulated saliva was collected from each 

participant in a 50 mL Falcon tube (Thermo Fisher, UK). 1 mL of collected saliva was 

transferred to an Eppendorf tube (Thermo Fisher, UK) and centrifuged for 30 minutes 

at 10,000 x g to remove unwanted larger cellular debris. 5 μL of the supernatant was 

pipetted onto an aluminium foil-covered glass microscope slide and air dried in an 

airtight container for 30 minutes. Raman measurements of the dried saliva were carried 

out immediately. 

 

4.6.3 Tissue Biopsy Collection and Sample Preparation   

Colonoscopies and flexible sigmoidoscopy were performed as standard of care and 

endoscopic activity was measured using Mayo Endoscopic score (MES), Ulcerative 

Colitis Endoscopic Index of Severity (UCEIS) for UC and Simple Endoscopic Score 

(SES) for CD (21–23). Tissue biopsies were taken for both histological assessment 

and Raman spectroscopic analyses. Fresh tissue samples were transferred to an 

aluminium foil-covered glass microscope slide for RS and immediately analysed. No 

pre-treatment of the tissue sections was performed to keep the conditions as similar 

as possible to the in-vivo environment. The histological severity of UC was graded 
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using validated indices such as Robart histopathological Index (RHI), Nancy’s 

histopathological Index (NHI) and the newly developed PICaSSO Histological 

Remission Index (PHRI) (24–27). The histological assessment of CD samples was 

graded using RHI. Histological remission was defined as NHI ≤ 1, RHI ≤ 3 without 

neutrophils in the epithelium or lamina propria, or PHRI = 0 (absence of neutrophils 

from superficial epithelium and lamina propria). Pathologists were blinded to clinical 

and endoscopic data. All tissue samples were snap frozen in liquid nitrogen and stored 

at -80°C after analysis. 

 

4.6 4 Raman Spectroscopy 

Raman spectra were acquired using a Renishaw InVia Qontor confocal Raman system 

equipped with a Leica DMLM (Renishaw PLC, UK). 785 nm excitation laser was used 

in the analysis and focused using x50 objective. The average output laser power at the 

sample was 7 mW. All Raman spectra were acquired in the main fingerprint region of 

700-1700 cm-1. Spectral maps were obtained over 50 x 50 μm2 areas for each sample 

using a 5 μm step size between map points, 10 accumulations of 1-second acquisition 

per spectra. Overall, 1 map with 100 spectra were collected per sample for saliva and 

tissue biopsy and used for data processing and analysis.  

 

4.6.5 Data Acquisition and Analysis  

Raman data was acquired using WiRE 5.1 (Renishaw PLC, UK) and underwent a 

polynomial background subtraction cosmic ray removal. Spectra were normalised 

using the standard normal variate (SNV) using Python (Python 3.7). The signal-to-

noise ratio was improved using 10 averaged spectra at each map location. Multivariate 
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analysis was performed using the SKiNET alongside the Raman Toolkit web interface 

to build the self-organizing map (SOM) and self-organizing map discriminant index 

(SOMDI) models. Data sets were grouped and split into test and training data (20:80). 

10-fold cross-validation was performed on the training data with optimisation of grid 

size, initial learning rate and number of training steps. The end model used to classify 

the test data consisted of a 10 x 10 grid of neurons, 46,080 training steps (4 epochs of 

the data) and an initial learning rate of 0.1. 

 

4.6.6 Statistical Analysis 

Given that the present study was a pilot study, and since utilising SKiNET [14] in the 

context of IBD was novel, a sample size calculation could not be performed. To analyze 

the distinctions between the classes, we calculated the average sensitivity, specificity, 

positive predictive value (PPV), negative predictive value (NPV), and accuracy, along 

with their corresponding standard deviations. SKiNET was used to analyse the 

datasets, with the samples labelled accordingly (IBD/UC/CD or healthy). The algorithm 

was evaluated by a 10-fold cross-validation to assess the prediction ability of the 

model. Data analysis with SKiNET was repeated 10 times, determining the average 

sensitivity, specificity, positive predictive value (PPV), negative predictive value (NPV) 

and accuracy (95% confidence interval). 
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 5.1 Abstract 

 
Inflammatory bowel disease (IBD), including ulcerative colitis (UC) and Crohn’s 

disease (CD) is a chronic condition that affects the gastrointestinal tract. IBDs are 

increasingly difficult to diagnose and differentiate despite serological testing, imaging, 

and endoscopic and histopathological assessments. At present there are no known 

biomarker to predict IBD and as such many patients with non-specific abdominal pain 

may have to undergo needless invasive procedures. The aim of this study is to develop 

a Raman spectral library of markers of interest of IBD and systematically explore their 

potential in disease diagnosis. Raman spectroscopy (RS) is a powerful analytical 

technique that can be used to identify biomarkers of interest due to its high sensitivity, 

specificity, non-invasiveness, and portability. This study investigated a panel of 

biomarkers to include proteins and cytokines. When assessing the potential of 

molecules as biomarkers of disease we investigate the specificity, sensitivity, 

accessibility, and association. Of the biomarkers studied C-reactive protein and M2-

Pyruvate Kinase combined were powerful indicators of IBD as well as a group of 

cytokines; IL-4, IL-8, IL-12, and IL-17. Our results indicate the ability of RS as a specific 

tool for biomarker discovery with the ability to significantly contribute to the 

development of new diagnostic and therapeutic approaches for IBD.  

 

5.2 Introduction 
 
Inflammatory bowel diseases (IBD), predominantly represented by ulcerative colitis 

(UC) and Crohn’s disease (CD), are chronic inflammatory conditions affecting around 

2.5-3 Million individuals in Europe with the incidences continue rising worldwide [1]. 
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CD can affect any portion of the digestive tract, from mouth to anus, and the 

inflammation can penetrate deeply into the layers of the intestinal walls [2]. UC, on the 

other hand, primarily affects the colon (large intestine) and the rectum [3], with the 

resulting inflammation typically limited to the innermost lining of the colon. As these 

complex conditions involve both acute and chronic disease states, individuals will 

undergo phases of inflammatory flare-ups, remission, and relapse [4]. At present there 

is no cure for IBD; nevertheless, treatments and management strategies including 

prescription medications, surgery and lifestyle modifications can help alleviate 

symptoms and improve quality of life. 

 

Clinically, a typical diagnosis of IBD involves a combination of medical history, physical 

examination as well as blood and stool tests and a subsequent endoscopy [5-7]. A 

range of techniques has been explored to develop new tools for timely and rapid 

diagnosis of IBD including for instance, computed tomography, magnetic resonance 

imaging, video capsule endoscopy and infrared and Raman spectroscopy [8-12]. 

Further ongoing developments of new methodologies for IBD diagnosis have 

examined the use of microbial biomarkers, such as DNA or RNA, to accurately 

distinguish between individuals with IBD and healthy controls as well as investigated 

volatile organic compounds, emitted by living organisms, and can be subsequently 

detected in breath or other bodily fluids [13-15].  

 

Collection of biofluids, e.g., blood / urine, is a standard procedure in routine clinical 

practice and hence, is ideal for a point-of-care or bedside settings. Biofluids derived 

biomarkers have many useful applications in healthcare including disease prevention 
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and detection, determination of individual’s risk and disease monitoring [16]. Currently, 

however, there are no validated blood biomarkers to accurately and reliably predict 

IBD. The complexity of interactions between host factors and the dynamic fluctuation 

of the gut microbiota during IBD hinders the identification of consistent changes in 

microbial composition and thus, the universal biomarkers for disease prediction. [17] 

Hence a large proportion of patients with non-specific abdominal pain often undergo 

unnecessary painful endoscopy or colonoscopy to rule out IBD [18]. Whilst effective, 

these are invasive and painful and thus, less unsuitable for routine use for timely and 

rapid IBD diagnosis. Not only are these procedures invasive but also, a confirmatory 

IBD diagnosis requires further clinical examinations, imaging and pathological 

investigations, which can be often inconclusive. A collection of diagnostic and/or 

prognostic biomarkers of IBD would thus, significantly decrease or eliminate the 

necessity for invasive or nonspecific procedures. This would greatly enhance early-

stage diagnosis, management and therapeutic interventions for IBDs. The ability to 

determine the type, severity and patient response to therapeutics has long been a 

priority of clinical researchers. Potential IBD indicative biomarkers currently under 

investigation include C-reactive protein (CRP), faecal calprotectin, anti-

Saccharomyces cerevisiae antibodies (ASCA), anti-neutrophil cytoplasmic antibodies 

(ANCA) and serum amyloid A [19-23]. Cytokines, proteins produced by immune cells, 

are also known to play an active role in inflammation and thus, are additional candidate 

biomarkers in IBD [24]. Idiopathic IBDs typically occur in clinically immunocompetent 

individuals with cytokine-driven inflammation of the gut giving rise to the characteristic 

signs and symptoms in individuals. CD is most often associated with increased levels 

of IL-12/IL-23 and IFN-γ/IL-17, whereas UC is associated with excess IL-13 production 
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[25]. Research studying the pathogenesis of IBD suggests that IBD arises due to a 

dysfunctional interaction between the bacterial microflora of the gut and the mucosal 

immune system and thus, cytokines are well known to play a key-role in controlling 

intestinal inflammation and the associated diseases [26]. Cytokine testing therefore, 

has the potential to support the IBD diagnosis due to its low cost and lack of 

invasiveness compared to routine IBD diagnostics. Although demonstrating a 

correlation with the severity of IBD and offering potential diagnostic, prognostic, and 

stratification value, these biomarkers cannot be detected unless subjected to analysis 

in specialised laboratories. Analysis typically involves techniques such as ELISA, 

enzyme immunoassay, chemiluminescent assay, high-performance liquid 

chromatography (HPLC), or mass spectrometry [27-30]. Although reliable, these 

techniques have time-to-results in the range of days, require complex equipment and 

trained personnel and do not meet the need for detection of ultra-low levels of target 

analytes in complex biological samples using rapid and direct readouts. ELISAs are 

relatively cost-effective but, despite advancements, suffer from poor stability, not rapid 

enough, require expensive labels for each biomarker and result in unacceptable rates 

of false negatives and false positives [31]. While the challenges of accurate diagnosis 

and monitoring of IBD have created an urgent need for rapid detection of the indicative 

biochemical changes, currently no validate biomarkers and suitable sensing 

techniques exist that can address such a critical need for the 21st century. 

 

Herein, we present Raman spectroscopy (RS) as a systematic approach for profiling 

and categorising potential biomarkers indicative of inflammatory bowel disease (IBD) 

[32-35] towards establishing important biochemical ‘fingerprints’ as characteristic 
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barcodes that can be used in current and future studies for diagnostic and prognostic 

applications in IBD. We systematically evaluate Raman spectra of multiple potential 

IBD biomarkers and compare these with spectral fingerprints of IBD saliva and tissue. 

We further investigate the cytokine profiles of those to gain insight into the underlying 

immune and inflammatory processes involved in IBD. Through close examination of 

these, we identify the specific cytokines that are either over- or underproduced, 

providing important clues to the underpinning mechanism of disease and future 

therapeutic targets. The acquired spectral data is classified using our new artificial 

neural networks algorithm, self-optimising Kohonen index network (SKiNET) as a 

decision support tool, based on separation of data classes in a self-organising map 

(SOM) with a classification via the self-organising map discriminant index (SOMDI). 

The overall established spectroscopic workflow (Fig.1), from quantitative spectral 

acquisition, through multivariate analyses and onto fingerprint barcoding and AI 

classification, puts forward several potential molecular biomarkers, whilst 

demonstrating relevant applications for the clinical and biomedical fields including 

biomarker discovery and patient stratification thus, laying the platform for future studies 

needed to define their functional relevance in the complex aetiology of IBD. 

 

5.3 Results and Discussion 

A panel of potential IBD-biomarkers including cytokines IL-4, IL-8, IL-10, IL-12, IL-17, 

IL-23, Ferritin, M2-pyruvate kinase (PKM2), Calprotectin, CRP and α-1-antitrypsin 

(Fig.2), chosen based on their specificity for IBD and known physiological response in 

patients (Fig.5.1a), was assessed via hybrid Raman spectroscopy (Fig.5.2) and 

subsequently, classified via optimised AI algorithm with inherent self-organised map 
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discriminant index (SOMDI) spectroscopic fingerprints analysis of saliva and tissue 

biopsies, assigning the dominant spectral signatures and yielding the characteristic 

barcodes.  

 

Figure 5.1. The established spectroscopic workflow, from quantitative spectral acquisition, through 

multivariate analyses and onto fingerprint barcoding and AI classification including the (a) overview and 

rationale behind the selected candidate biomarkers, describing their specificity in IBD alongside the 

recognised physiological response in IBD patients. Cytokines, known to play an active role in 

inflammation were chosen for their ability to contribute to the inflammatory status of the intestine, CRP 

as an overall indicator of inflammation, M2-Pyruvate Kinase as a mediator of the inflammatory process, 
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calprotectin allowing evaluation of gut inflammation and α-1-antitrypsin as an indicator of disease 

progression. Each biomarker identified in the literature has a known physiological response in IBD 

patients with a statistically significant increase or decrease observed such as, a 6-fold increase in PKM2 

levels, 2.4-fold upregulation in α-1-antitrypsin and a decrease in IL-8 levels from 37 to 20 pg/mL. In this 

workflow (b) biofluid samples were obtained from patients, analysed to identify unique spectroscopic 

signatures using a comprehensive multiplex Raman analysis with subsequent barcoding and advanced 

Self-optimising Kohonen index NETwork (SKiNET) machine learning for validation and classification. 

(c) The overall workflow describing the individual components and their corelation within the developed 

Raman profiling and spectroscopic fingerprinting towards candidate IBD biomarkers discovery 

(Supplementary information-S5). 

 
We have identified a panel of potential IBD biomarkers, previously described in 

literature [46-48], including a range of cytokines, i.e., IL-4, IL-8, IL-10, IL-12, IL-17, IL-

23 (Fig.5.1a) and Ferritin, M2-pyruvate kinase (PKM2), calprotectin, C-reactive protein 

and α-1-antitrypsin (Fig.5.2b). Due to conflicting reports on the well-known anti-

Saccharomyces cerevisiae antibody (ASCA) and perinuclear antineutrophil 

cytoplasmic antibodies (pANCAs) and due to their poor sensitivity of only 55% [49], 

these potential markers were excluded from our study. We have subsequently 

assessed their relevance through a direct comparison of spectral fingerprints of both 

saliva and tissue biopsy (Fig.5.2, c-d). 
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Figure 5.2. Average Raman spectra of candidate IBD biomarkers including (a) cytokine profiling of IL-

4 (black), IL-8 (red), IL-10 (blue), IL-12 (green), IL-17 (purple), IL-23 (light brown) and (b) a-1-antitrypsin 

(black), calprotectin (red), C-reactive protein (blue), ferritin (green) and M2-Pyruvate kinase (purple). 

Mean representative spectra of (c) saliva of healthy (black) and IBD (red) and biopsy tissue of healthy 

(blue) and IBD (green) patients and of the identified IBD biomarkers (d) IL-4, IL-8, IL-12, and IL-17 

highlighting the peaks of interest at 936, 1003, 1340, 1445 and 1656cm-1. The detected primary peaks 

at 936cm-1 (protein), 1003cm-1 (phenylalanine), 1340cm-1 (C-H deformation in proteins) 1445cm-1 (δ(CH2 

deformation of proteins) and 1656cm-1 (Amide-I) provide the fingerprints of both IBD saliva and tissue 

biopsy. Notably, the peak at 936cm-1 exhibits a decreased intensity in the IL-4 due to C-C stretch of the 

amino acids in the protein backbone. 

 

A trio of characteristic bands at 821, 851, 924cm-1 were identified for PKM2, emerging 

as a significant mediator of inflammatory processes with serum levels 6-fold higher in 

IBD versus healthy patients [1], posing PKM2 as a putative IBD-biomarker (Fig.2b/S3). 
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Prior research by Czub et al. identified increased fecal PKM2 levels 100% of active CD 

patients and 94.3% of active UC patients with associated enzyme reactivity higher in 

all IBD patients than those healthy controls. Here we identified PKM2 at increased 

levels in both saliva and tissue at each of the three characteristic Raman bands, thus 

indicating its potential as an identifier of IBD in both tissue and saliva as opposed to its 

current use in faecal samples. In addition, whilst CRP exhibited increased intensities 

at 841, 912, 1076 and 1126 cm-1 (p***<0.0001), this marker alone was found to be non-

specific due to the elevation in systemic inflammatory disease other than those 

identified within the intestinal tract, for example in cancers of the body or infections, 

CRP levels can also be significantly elevated.  However, when combined with other 

potential markers of IBD, such as PKM2, IL-4, IL-8, IL-12 and IL-23, CRP provides 

invaluable insight into the level of inflammation in the gut. Increased levels of CRP for 

example, can help differentiate mucosal active disease from quiescent IBD as well as 

acting as a predictor as to the need for colectomy through the reflection of severe 

ongoing and uncontrolled inflammation of the gut [49]. Cytokines IL-4, IL-8, IL-12, IL-

17 exhibited specific Raman bands, providing identification and discrimination of IBD 

(Fig.5.2a), where the detected peaks yield fingerprints of saliva and tissue biopsies 

(Fig.5.2c-d/Supplementary Information-SC.3).  

 

We have subsequently compared the relative peak intensities of cytokines with those 

in IBD saliva and biopsies, identified via SKiNET and SOMDI, selecting those with 

the greatest influence on the classifier (Fig.5.3/Supplementary Information-Table 

SC.2). This yielded the detection of several Raman key-bands, which were 

characteristic in patients with IBD including the 936cm-1 (C-C stretching-amino acids, 
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protein backbone), 1003cm-1 (Phenylalanine), 1340cm-1 (C-H protein deformation), 

1445cm-1 (δ(CΗ2) deformation of proteins and lipids) and 1656cm-1 (C=O proteins 

stretch, Amide-I). We further discovered considerably downregulated 936, 1340cm-1 

and upregulated 1003, 1445, 1656cm-1 spectral signatures in IBD patients 

(Supplementary Information-SC.3). 

 

 

 

Figure 5.3. Histograms of the relative intensities of the dominant Raman peaks identified in (a) healthy 

and IBD saliva and tissue biopsies and (b) potential IBD biomarkers (Error bars indicate the standard 

error). Spectral data is normalised using standard-normal-variate (SNV) normalisation prior to machine 

learning to enable enhanced and accurate comparison and analysis via subtraction of each spectrum 
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from its own mean and a subsequent division by the standard deviation.  Representative self-organising 

map (SOM) classification according to disease state of IBD (red) and healthy (blue) of (c) saliva and (e) 

tissue biopsy with the corresponding self-organising map discriminant index (SOMDI) extracted features 

(d and f) from SOMs, highlighting the most influential Raman bands responsible for the clustering 

observed in SOM (c and e), classifying the patient samples according to diseased state with an accuracy 

of 88.5% and 86.8%, respectively. Comparison of saliva and tissue biopsies reveals distinct spectral 

changes with dominant bands at 936cm-1 (protein) , 1003cm-1 (phenylalanine), 1110cm-1 (C-C bond) , 

1340cm-1  (C-H deformation), 1445cm-1 (δCH2 deformation of proteins/lipids) and 1656cm-1 (Amide-I) 

identified via SOMs with significant spectral features extracted via SOMDI, distinguishing between 

control and IBD cohorts. Decreased intensity of the 936cm-1 mode in IBD saliva and tissue biopsy for 

IL-8, IL-12 and IL-17 is associated with the C-C stretching in amino acids with the increased number of 

hydrogen bonds leading to its weakening. 

 

Levels of IL-4 were decreased for healthy individuals when compared with their IBD 

counterparts and increased for IL-8, IL-12 and IL-17 as reflected via the SOMDI-

identified significant Raman shifts (Fig.5.3d-f). Given their widely accepted role in IBD, 

via detecting the changes discriminating between diseased and healthy individuals, we 

highlight the significance of these markers in the pathogenesis of IBD 

(Fig.5.3/Supplementary Information-SC.3). The decreased intensity of IL-4 at 

936cm-1 correlates with the known changes in pro-inflammatory cytokines, which 

mediate interaction between immune and non-immune cells, previously shown 

contributing to the inflammatory status of the intestine, where IBD-related IL-4-

mediated downregulated activation has been impaired [50]. In UC, the T-helper 2 

response consists of IL-4 and IL-13. IL-4 is an important contra inflammatory cytokine, 

which limits monocyte and macrophage activation. IL-4-mediated downregulation of 

activation has been shown by Ruckert et al. to be impaired in IBD [51]. Hoving et al. 
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have also indicated that mice deficient in IL-4, IL-13 and IL-4 receptor-alpha on all cells 

develop an exacerbated IBD phenotype [52.] A further study by Xiong et al. identified 

the effects of IL-4 and IL-10 gene therapy on TNBS-induced murine colitis, shown to 

significantly inhibit the TNBS-induced colon tissue damage and disease activity index 

as well as a marked block in expression of IFN-γ and TNF-α, highlighting the 

significance of monitoring IL-4 levels in IBD patients as well as the potential of IL-4 as 

a first line of defence in the treatment of IBD [53]. 

 

The ~27% upregulation in the 1003cm-1, detected for each of the cytokines, is 

indicative of an increased inflammatory response due to a greater influx of 

inflammatory cells in the diseased state. In IBD, neutrophils are known to be important 

cellular mediators with the IL-8 being a powerful chemoattractant found in increased 

quantities in mucosa. Marked increased levels of IL-8 at 1003 and 1656cm-1 are 

indicative of protein confirmational changes, suggesting IL-8 as a significant indicator 

of disease with a potential to monitor mucosal healing and response to therapeutics. 

 

The statistically significant detected (p***<0.0001) increases of these bands combined 

with the decrease at 1445cm-1 are indicative of IL-12, known to play a key-role in 

activation and regulation of multiple cytotoxic immune cells including macrophages, 

natural killer and T cells [54-56], highlighting its importance in following the 

pathogenesis and progression of IBD. IL-12 is rarely detected in normal intestinal 

mucosa and therefore, acts as an appealing potential marker of IBD. Recently, IL-12, 

in combination with other interleukins such as IL-23, has been emerging as a target 

molecule for treatment in IBD patients, for example, the use of Ustekinumab, an anti-
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IL-12/23p40 antibody has been approved for CD. Almradi et al. have also indicated 

that in early stages of IBD, IL-12 is the dominant p40-containing cytokine, driving 

inflammation in response to intestinal barrier disruption [14].   

 

A further ability of IL-17, exerting a strong inflammatory response, to act as a 

multiplexed IBD biomarker is established with evident increases at 1003 and 1656cm-

1 [57]. IL-17 is known to exert a strong proinflammatory response. Its secretion has 

been reported to be limited to T lymphocytes with major indications of it being a strong 

mediator of inflammatory response in various tissues [58-61] as well as enhancing the 

proinflammatory response induced by IL-1β and TNF-α. Previous studies have shown 

that IL-17 expression has been detected in inflamed mucosa of active UC and CD 

patients via immunohistochemical techniques and serum ELISA [62]. Levels of IL-17 

have been also previously found to increase significantly from 371.5 pg/mL to 1365.1 

pg/mL in patients with IBD [17].  

 

 

The fact that the same set of peaks are visible in both the healthy and diseased sample 

types would thus indicate that their biochemical composition is similar, which is 

consistent with our general understanding of inflammation. Inflammation does not 

introduce new metabolites into the system but instead, leads to an overproduction or 

overuse of the existing metabolites. Therefore, it is expected to see the same 

molecular changes as identified via intensity changes of the peaks in the same region 

in both tissue types as was evidenced in our study, supporting that these are due to 

the inflammatory response, where the variation in peak intensities between the two 
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types are thus due to the detected differences in the concentration of the biomolecules. 

Furthermore, the significant increase in intensity at 1003cm-1 is an additional indication 

of inflammation due to IBD, since in previous studies, this peak has been associated 

with higher levels of phenylalanine, due to the immune activation and inflammation. 

Smith et al. observed a significant reduction in intensity due to mucosal healing and 

Addis et al. recognised a similar effect, following biological therapy [55]. An additional 

finding relating to the peak changes at 1656cm-1 (Amide I) could indicate 

conformational changes induced by factors evolving from the inflammatory state. 

Although, it is possible that factors stemming from age, dehydration or radiological 

conditions, could also be responsible for the changes detected, these do not affect the 

data reported in our study as the recruited subjects were of a highly similar age, with 

no known health conditions thus predominantly, the biochemical changes detected are 

indicative of the inflammatory response associated with IBD. 

 

Our study subsequently, has proceeded to identify which biomarkers associated with 

IBD could be responsible for the intensity changes found between healthy and IBD 

patient samples within these regions. Changes in response to IBD, have shown 

downregulation at 936cm-1, (representative of C-C stretching associated with amino 

acids such as glutamine and arginine which influence the progression of IBD in 

individuals) with the main statically significant differences arising from amino acid 

composition (p***<0.001). Our results of decreased intensity at 936cm-1 in IBD patients 

is further consistent with previous studies, where changes in pro-inflammatory 

cytokines, which mediate interaction between immune cells and non-immune cells, 

have been shown [63-69] to contribute to the inflammatory status of the intestine.  
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From the spectroscopic profiling and the corresponding relative peak analyses, the 

most dominant spectral changes, determined to be statistically significant for detecting 

the different biomarkers, arising from bands at 936, 1003, 1340, 1445 and 1656cm-1 

(p***<0.0001), establish these for barcode fingerprints (Fig.5.4). An accurate 

diagnostic and prognostic biomarkers pool for IBD remains an unmet clinical need. The 

derived barcodes combined with the identified biochemical changes and their close 

match with notable biomarker characteristics, establish a group of potential first-line 

screening biomarkers of IBD.  

 

Figure 5.4. Barcodes derived from (a) and (c) tissue biopsy, (b) and (d) saliva and potential IBD 

biomarkers (e) IL-4, (f) IL-12 (g) IL-8 and (h) IL-17, highlighting the dominant, statistically significant 

peaks. Overall, the hybrid Raman spectroscopy, combined with advanced AI algorithm of SKiNET-

SOMDI supervised machine learning, used to establish the complete linked workflow from projection, 

though classification to the development of molecular fingerprinting, introduces the spectroscopic 

approach for profiling and classification of IBD-indicative biomarkers, enabling the assessment of 

biomarkers for inflammatory bowel disease. The derived spectroscopic molecular barcodes (a-h) 
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combined with the identified biochemical changes, closely matching notable biomarker characteristics, 

establish a group of potential first-line screening of IBD-biomarkers. 

 

Table 8.1. Relative Raman intensity of main statistically significant and dominant 

spectral peaks identified. 

Marker Raman Shift / cm-1   

 936 1003 1340 1445 1656 

Healthy Saliva  0.29 0.77 0.56 0.81 0.46 

IBD Saliva 0.28 0.84 0.51 0.78 0.45 

Healthy Biopsy 0.25 0.63 0.60 0.75 0.51 

IBD Biopsy 0.19 0.73 0.45 0.99 0.69 

IL-4 0.37 0.99 0.49 0.63 0.45 

IL-8 0.28 1.00 0.60 0.59 0.42 

IL-12 0.17 0.91 0.39 0.97 0.43 

IL-17 0.19 0.99 0.50 0.84 0.58 

 

Mass spectrometry was used to analyse both healthy and IBD saliva samples 

(Fig.5.5). Relative abundance of the majority of detected ions varied between the 

samples with the primary observed proteins and their corresponding coverage, as 

summarised in Table 5.2. 
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Figure 5.5. Mass spectrometry of the total ion chromatographs for (a) healthy and (b) unhealthy-IBD 

saliva, indicating the relative abundancies of all ions in each mass spectrum as highlighted in the 

corresponding time stamps. 

 

The majority of observed proteins varied significantly in their coverage between healthy 

and IBD samples particularly in those proteins involved in inflammation and the 

inflammatory cascade. Of a particular importance was the identification of IL-4, IL-8 

and IL-17 receptors which were identified in IBD saliva with only IL-8 detected in 

healthy saliva. Also of note were the differing levels of S100-A9 and S100-A8 with both 

found at significantly higher levels in IBD saliva. These proteins are both known to 

have a role in inflammation with involvement in inducing secretion of pro-inflammatory 

cytokines including TNF-α and IL-1β, with these mediators understood to exaggerate 

and sustain inflammatory conditions. Increasing levels of S100A8 and A9 has also 

been shown to significantly increase protein release of Il-6 and IL-8 [68]. In addition, 

there was a significant decrease in the levels of both alpha-amylase and mucin-5 in 

IBD patient sample compared with healthy indicative of differing salivary secretion 

rates between the groups. Pyruvate kinase was also identified in IBD patient saliva but 

was notably absent in healthy patient saliva, thus indicative of elevated levels in 



 

 177 

Chapter 5 
patients with IBD. Fecal pyruvate kinase is readily applied in the diagnosis of disease 

however, its presence in saliva observed with both Raman spectroscopy and mass 

spectrometry indicates its ability to act as a non-invasive salivary biomarker of IBD.  

 
Table 5.2. Mass spectrometry protein assignment and coverage for healthy and IBD 

saliva samples. 

Protein Coverage (%) Molecular Weight 
(kDa) 

 
 

IBD 
 
Healthy 

S100-A9 36 20 13.2 
S100-A8 32 18 10.8 
Annexin A1 18 65 38.7 
Lipocalin-1 6 - 19.2 
Interleukin-8 4 1 8.4 
Matrix 
Metalloproteinase-9 

1 1 78.4 

Pyruvate Kinase  3 - 57.9 
Interleukin-17 2 - 35.0 
Alpha-amylase 47 71 57.7 
Mucin-5 4 14 596 
Cornulin 7 42 53.5 
Interleukin-1 
receptor 

11 8 6.19 

Trefoil factor-3 12 - 10.2 
Interleukin-4 
receptor 

2 - 14.9 

 

5.4 Conclusions 

Raman spectroscopy has been successfully demonstrated as a powerful, specific, and 

non-invasive technique for detection and multiplexed profiling of IBD-indicative 

candidate biomarkers, establishing spectral fingerprints of many biomolecules of 

interest. Rapid differentiation of biomolecular composition has been enabled from the 

acquired spectral profiles, establishing unique molecular barcodes for candidate 

biomarkers of IBD as well as saliva and tissue biopsies. The subsequent classification 
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of the molecular spectroscopic profiles via SKiNET ANN algorithm provided 

identification accuracy of >88% and average sub-classification of 82%. Whilst each of 

MPK2 and CRP on their own have been identified as indicators of disease, together 

they present a powerful combination as specific potential markers of inflammatory 

bowel disease with significant associated spectroscopic changes established at 936, 

1003, 1340, 1445 and 1656 cm-1 Raman bands. Rapid spectral profiling has further 

successfully identified a range of inflammatory cytokines as key indicators of IBD 

including the IL-4, IL-8, IL-12, and IL-17.  

 

Overall, through a combination of simultaneously detecting a panel of identified 

biomarkers and cytokines at quantifiable levels, threshold of which will need to be 

established, multiplex Raman spectroscopic profiling and barcoding along with AI 

classification network lays the platform for the possibility of rapidly detecting the 

inflammation associated with IBD, discriminating between the disease subtypes as well 

as monitoring the therapeutic response to various treatments for a timely, non-invasive 

disease diagnosis. Building upon demonstrating relevant applications for the clinical 

and biomedical fields including biomarker discovery and patient stratification with a 

potential to contribute significantly to the development of new diagnostic 

methodologies and therapeutic monitoring, further studies validating these findings will 

lay the platform for defining their functional relevance in the complex aetiology of IBD 

as well as cementing Raman spectroscopy as a powerful technique for discovery of 

biomarkers in other diseases and biological samples with many ramifications. 

 

 



 

 179 

Chapter 5 

5.5 Methods 

5.5.1 Sample Collection and Preparation  

Saliva was collected from 101 participants (fifty one IBD and fifty healthy) at Queen 

Elizabeth Hospital Birmingham, UK. All healthy volunteers had no previous health 

issues or known conditions with participants. 5 mL of unstimulated saliva was collected 

from each participant in a 50 mL Falcon tube (Thermo Fisher) via the passive drool 

method. Subsequently, 5µL of raw saliva was pipetted onto aluminium slide and air 

dried in an airtight container for 30 minutes. Colon tissue biopsies were collected from 

44 participants (32 IBD and 12 healthy) in the outpatient endoscopy into specimen 

containers (Thermo Fisher) containing 2mL PBS and analysed immediately. All 

candidate markers were purchased directly from Sigma-Aldrich and Miltenyi Biotec 

Cologne) and subsequently diluted in PBS (pH 8) to a working concentration of 

1μg/mL. 5μL of each was then pipetted onto an aluminium foil glass slide and dried in 

an airtight container for 30 minutes.  

 

5.5.2 Raman Spectroscopy  

Raman spectra were acquired using a Renishaw InVia Qontor confocal Raman 

microscope equipped with a microscope Leica DMLM and 785 nm laser (Renishaw 

PLC). Laser light was focussed using a x50 objective lens with a laser power of 5mW. 

Spectral maps were acquired with an area of 50x50μm2 in the fingerprint region of 700-

1700 cm-1 with 5μm step size, 10 accumulations and 1s exposure time per spectrum. 

Overall, 100 spectra per sample were collected and used for data processing and 

analyses. 

 



 

 180 

Chapter 5 
5.5.3 Data Acquisition and Analysis 

The data was collected using WiRE 5.1 further employed for the polynomial 

background subtraction and the removal of cosmic rays. Normalisation was done using 

the standard normal variate (Python 3.7), which was used to derive the multi-chemical 

barcoding of the data. Savitzky-Golay filter was applied to calculate the second 

derivative of each spectrum. Smoothing window was set to 21 with a polynomial order 

of 2. Maximum peak heights with absolute values over 40% were assigned a value of 

1 with values below 40% assigned a value of 0. Values were overlaid on the averaged 

spectra with reference to the main peaks identified for the barcode generation. 

Statistical analysis was performed using a one-tailed students t-test, peaks identified 

as having a p<0.001 were determined as statistically significant.  

 

5.5.4 Data Processing and Multivariate Analysis  

Multi-variate analysis was performed using the self-optimising Kohonen index network 

(SKiNET) based on self-organising maps (SOMs) with the accompanying Raman 

Toolkit web interface to build SOM models using training data and perform predictions 

against test data. SKiNET models were optimised by performing 10-fold cross 

validation on the training data, and tuning the number of neurons, initial learning rate 

and number of training steps. The final model used a 10x10 grid of neurons, 38,200 

training steps (6 epochs of the data), with an initial learning rate of 0.3. The optimised 

model was subsequently used to classify the previously unused test data. 

Classification using the test data were repeated ten times from separate SOM 

initialisations. To achieve higher accuracy the SOM size, learning rate and number of 

epochs was empirically tested, with classification accuracy determined using a 10-fold 
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cross validation. Stability of the model was further verified by running a repeat 

initialisation of the classification six times.  

 

5.5.5 Mass Spectrometry 

5.5.5.1 Trypsin digestion 

For trypsin digestion, 10 µL of sample, containing up to 10 µg of protein, was 

combined with 40 µL of 100 mM ammonium bicarbonate (pH 8). Subsequently, 50 µL 

of 10 mM dithiothreitol (DTT) was added, with sample incubated at 56ºC for 30 

minutes. After cooling to room temperature, cysteines were alkylated with the 

addition of 50 µL of 50 mM iodoacetamide, followed by mixing and further room 

temperature incubation for 30 minutes. 50 µL trypsin gold (Promega, Southampton, 

Hampshire, UK, 6 ng/nL) was added to the samples and incubated overnight at 37ºC. 

5.5.5.2 Desalt samples 

Samples containing a mix of peptides were desalted using Millipore C18 ZipTips. Tips 

are prepared by pre-wetting with 100% acetonitrile and rinsed in 2 x 10 µL of 0.1% 

formic acid. The samples were pipetted through the tip 10 times then washed with 3 x 

10 µL 0.1% formic acid to remove excess salts prior to elution of the peptides with 10 

µL of 50% acetonitrile/water/0.1% formic acid. Samples were dried down to remove 

acetonitrile, and then re-suspended in 0.1% formic acid solution in water. 

 

5.5.5.3 LC-MS/MS Experiment 

The UltiMate® 3000 HPLC series (Dionex, Sunnyvale, CA USA) was used for peptide 

concentration and separation. Samples were trapped on precolumn, Thermo Scientific 

Acclaim PepMap 100 C18 HPLC Columns, 3µm particle size, 2cm length, 75 µm I.D., 
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(Dionex, Sunnyvale, CA USA) and separated in Nano Series™ Standard Columns 75 

µm I.D. x 15 cm, packed with C18 PepMap100, 3 µm, 100Å (Dionex, Sunnyvale, CA 

USA). A full MS scan was performed (m/z 360-1600) with further HCD MS/MS scans 

of the 20 most abundant ions with dynamic exclusion setting 15S. Spectra were 

acquired for 56 mins. 

 

Uniprot database using Protein Discovery 2.2 software, Sequest HT algorithm (Thermo 

Fisher) was used to search against the MS and MS/MS scans. Deamidation (N and 

Q), oxidation (M), phosphorylation (S, T and Y) and acetylation (K) comprised the 

variable modifications. Two missed cleavages were permitted with data filtered using 

a false discovery rate (FDR) set to 0.01.  
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6.1 Abstract 
Cardiovascular diseases (CVD) remain a major global health concern and a leading 

cause of morbidity and mortality worldwide. Risk factors such as high blood pressure, 

elevated cholesterol levels and obesity contribute to the development of CVDs with the 

current prevention and management strategies including lifestyle modifications, 

medication and surgical interventions. Early diagnosis and prompt medical attention 

are crucial in managing CVDs and reducing their overall impact on health and 

wellbeing and therefore, necessitating the development of innovative diagnostic and 

monitoring tools which transcend traditional methodologies. Raman spectroscopy has 

the ability to provide molecular fingerprinting and structural information thus offering 

insights into chemical composition, molecular structure, and even dynamic processes 

in various biomaterials. Herein, the integration of RS with advanced machine learning 

is established as a powerful clinical adjunct for point of care detection of cardiovascular 

diseases. A non-invasive, label-free miniaturised RS platform coupled with neural 

network algorithm of self-organising Kohonen-index network, i.e., ‘SKiNET’, has been 

developed to accurately detect and assess molecular changes within blood plasma of 

CVD patients compared to healthy cohorts, enabling rapid CVD diagnosis and in-situ 

longer term monitoring, where the RS real-time capabilities provide dynamic 

assessment of disease progression, aligning treatment strategies with evolving 

diseased states. Subsequently, CVDs have been successfully detected from blood 

plasma and classified via SkiNET with 88.6% accuracy, 92.9% specificity and 85.1% 

sensitivity distinguishing these from healthy controls and with accuracy of 83.8%, 

sensitivity of 83.3% and specificity of 84.3% from the follow-up (3 months post cardiac 

event) blood plasma samples. Furthermore, the hybrid RS-SkiNET molecularly specific 
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detection signposted a comprehensive panel of CVD-indicative biomarkers, including 

SIL-6, IL-9, LpA, ApoB, PCSK9 and NT-ProBNP, offering important insights into 

disease mechanisms and risk stratification. Ultimately, this multidimensional approach 

holds significant potential for both improved patientcare and healthcare management 

for CVDs and other detrimental diseases.  

 
6.2 Introduction 

Cardiovascular disease (CVD) describes a group of disorders of the heart and blood 

vessels and are one of the leading causes of death globally. More than half a billion 

people around the world continue to be affected by CVD, with 20.5 million deaths 

associated with the disease in 2021, representing 32% of all deaths worldwide [1]. 

CVDs are caused by a combination of socioeconomic, metabolomic, behavioural and 

environmental risk factors and up to 80% of the premature heart attacks and strokes 

could be prevented by addressing the major contributors such as high blood pressure, 

obesity, tobacco use and physical inactivity [1], [2]. Addressing risk factors directly 

associated with the development of atherosclerosis is of a vital importance since these 

are central in the pathophysiology of CVD. CVD, arising from various aetiologies, can 

for instance, lead to ischemic stroke in patients with atrial fibrillation with an embolus. 

Often referred to as a “silent killer,” CVD is challenging to detect and manage in a 

timely manner and its often remains undiagnosed until it reaches advanced stages or 

causes significant health issues [3]. CVD, unlike many other health conditions lacks 

the apparent warning signs. Symptoms such as angina or shortness of breath often 

only present in the latter stages of the disease and frequently, a potential fatal cardiac 
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event, e.g., heart attack or stroke, is the primary indicator of the underlying 

cardiovascular disease. 

 

Whilst clinicians can assess a patient’s risk in the primary care setting through 

evaluation of body mass index (BMI) and blood pressure, to obtain more detailed 

information and make an informed CVD diagnosis, broad blood panels of cholesterol 

and plasma ceramide levels are required accompanied by echocardiogram, 

echocardiogram and chest x-ray analyses [3], [4], [5]. Such evaluation for the diagnosis 

of CVD requires specialised instrumentation and skilled medical professionals and can 

only be made in hospital environments or dedicated medical centres. Other diagnostic 

methods including the angiography and cardiac catheterisation are invasive and 

painful procedures associated with a risk of infection and discomfort for patients. Whilst 

plasma myoglobin (Mb) levels are commonly used to indicate the presence of 

myocardial damage and are therefore used to ubiquitously diagnose heart attacks or 

myocardial infarction (MI), presently applied methods of Mb detection are broadly 

unaffordable in and suffer from poor time to results delays [6]. Furthermore, an evident 

health disparity is presenting a significant challenge in underprivileged or remote 

regions where there is the unmet need for advanced facilities and support. With four in 

every five CVD deaths occurring in low- or middle-income countries (LMIC) and 

staggering inequalities in CVD outcomes in LMICs, the global progress toward 

achieving equitable access to healthcare and wellbeing, distribution of prevention, 

diagnosis and treatment of CVDs is significantly lagging behind [1]. Collectively, with 

the growing burden of CVDs on society, there is an urgent unmet medical need for 

developing targeted techniques for CVD diagnosing and pre-disease evaluation 
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worldwide, which are non-invasive, reliable, sensitive, specific and rapid - integral for 

improving the overall patient care and clinical outcomes via pre-hospital timely 

diagnosis. 

 

Despite the knowledge available to mitigate the harm to cardiovascular health, early-

stage identification of disease remains a significant challenge. Indicative biomarkers 

can provide a powerful approach in the screening, diagnosis and monitoring of CVDs. 

Although disease-specific biomarkers such as troponin and D-dimer are currently used 

in the clinical laboratory, they rely on assays which take >60 minutes to provide outputs 

[6], [7], [8]. Furthermore, troponin is associated with a range of conditions such as heart 

inflammation, a blocked coronary artery and necrosis when found at elevated levels in 

the blood [9] and therefore, further testing is subsequently required to determine the 

underlying cause of illness. Concurrently, Raman scattering (RS) has been emerging 

as a non-invasive and label-free spectroscopy for clinical diagnosis of various cancer 

types, neurodegenerative disorders as well as for chemical detection of analytes  [7], 

[10], [11], [12], [13], [14], [15], [16], positioning as a valuable technique for non-

destructive, highly specific and rapid analysis of biofluids, offering detailed molecular 

information about the biochemical composition and structural molecular properties 

[17], [18], [19]. Raman spectroscopy, generating unique fingerprints of target 

molecules via an inelastic light scattering [20], [21] requires little to no sample 

preparation, allowing the measurement of biofluids in their native state as well as being 

unaffected by the presence of water or phosphate buffered saline, essential for 

cell/tissue analysis [20], [22]. These, combined with the remarkable ability of real-time 

measurements further enhanced by the added value of the portable and easy-to-use 
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medical device, cement its uses in clinical diagnosis, and could be incorporated into 

pre-hospital and hospital equipment lists and capability. 

 

Here, we develop a hybrid RS-SKiNET approach and demonstrate the ability to detect 

early-stage biochemical changes indicative of CVD from blood plasma as a potential 

diagnostic adjunct. By applying the fused Raman-AI approach to characterise the 

presentation of CVD in a diverse patient population we successfully demonstrate 

disease discrimination via bimolecular spectral fingerprints of healthy and CVD 

patients. Further, we examined the ability of this technique to monitor therapeutic 

response of patients to treatments through meticulous evaluation of acute CVD clinical 

samples immediately following a cardiac event versus same patients’ samples 

obtained three months post treatment for CVD. The acquired data is classified via the 

advanced artificial neural network algorithm, ‘SKiNET,’ as a decision support tool, 

demonstrating accuracy of 88.6±0.9%. With SKiNET (self-organising Kohonen index 

network), self-optimising map (SOM) is defined as a 2D map of neurons, organised as 

a grid of hexagons. A weight vector is randomly assigned to each individual neuron in 

the map and determines which neuron is activated for each sample. Neighbouring 

neurons having similar weightings lead to observable spatial clustering in each of the 

SOMs.  Subsequently, self-organised discriminant index (SOMDI), by assigning class 

vectors as labels for each spectrum with corresponding weight vectors for each 

neuron, allows the identification of the data type responsible for activating a particular 

neuron. This is used to inspect weights across all neurons and allow the extraction of 

prominent spectral features belonging to each class. Importantly, via Raman-SkiNET 

we have profiled and identified a new panel of potential biomarkers of CVDs, 
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establishing unique characteristic barcode fingerprint for each, laying the platform for 

early CVD diagnosis at the point-of-care. This demonstrated capability of RS as a 

powerful analytical tool in recognising changes within complex biological mixtures [23], 

[24], [25], [26] is of particular benefit in CVD diagnostics since the differences between 

healthy and diseased samples reveal spectral biomarkers associated with biochemical 

changes in the early onset of CVD. Additionally, the inherent multiplexing ability 

enhances its utility in further CVD research and diagnostics by offering a 

comprehensive and efficient approach for rapidly detecting and characterising multiple 

biomarkers simultaneously. It can also also complement in disease subtyping by 

identifying distinct biomarker profiles associated with different subtypes of CVD e.g., 

MI, heart failure or atherosclerosis and analyse numerous samples with high 

throughput, all collectively of a great value for large-scale biomarker screening. The 

overall developed biomolecular profiling methodology opens new avenues for disease 

discrimination, monitoring and biomarker discovery, towards enabling timely diagnosis 

and advanced understanding of biomolecular changes in context of the complex 

aetiology of CVDs. 

 

6.3 Results and Discussion 

A total of 60 CVD and 40 healthy control samples were collected with the main 

characteristics of each group summarised in Table 6.1. Subsequently, Raman spectral 

fingerprints were acquired to study the biochemical composition of the plasma samples 

to differentiate and classify CVD from healthy patients. The overall workflow protocol 

of RS-SkiNET process included blood collection from patients within first hour of a 

known cardiac event, sample pre-processing via centrifugation and deposition onto 
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aluminium slide, in-situ spectroscopic profiling followed by SkiNET classification with 

further molecular characterisation via a combination of multivariate and statistical 

analyses (Fig 6.1). 

 

Figure 6.1 - Schematic representation illustrating workflow of the analysis. After collection of patient 

blood samples, the sample is sequentially centrifuged to obtain blood plasma where it is then deposited 

on an aluminium foil covered glass slide. Plasma is then measured using Raman spectroscopy and 

subsequently classified using an artificial neural network, SKiNET with further molecular 

characterisation via statistical methods including Student’s t-test.  (Figure created in Biorendor.com)  

Since RS provides a unique spectral fingerprint, each spectrum is molecularly specific 

and contains characteristic bands allowing an unambiguous identification. To 

effectively detect representative changes within biofluids, it is essential to initially 
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acquire the spectral signatures of the baseline healthy samples. This subsequently, 

enables the recognition and attribution of the significant bands found within the sample, 

which are then be used to identify and discriminate disease within patient samples. 

Since fluorescence is known to interfere with Raman measurements of biological 

samples, to obtain high signal to noise spectra, the acquisition parameters were 

optimised and established as 785 nm excitation laser, 50x objective, 100 map scan 

spectra per each clinical sample within a 10x10 grid with 5 μm increments. The 

average Raman spectra acquired in the fingerprint region of 700-1750 cm-1 of CVD 

(red) and healthy (black) blood plasma exhibited similar molecular characteristics 

typical of biological specimens including for instance, phenylalanine (1003 cm-1), 

Amide III (1230-1285 cm-1) and CH deformation of proteins and lipids (1445 cm-1) 

bands (Fig 6.2). Additional primary peaks were detected at Raman shifts of 960, 1156, 

1206, 1315, 1520, 1615 and 1655cm-1 with each band being significantly different 

(p**<0.001, p***<0.0001) between the studied sample types (Table 6.1). Although 

similar patterns were observed with the main bands present in both groups, there were 

clear differences between their intensities, reflecting variations between the 

biochemical composition of blood plasma in patients immediately after a cardiac 

episode and healthy controls.   
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Figure 6.2. Representative average Raman spectra of CVD (red) and healthy (black) blood plasma with the 

designated significant identified changes (p**<0.001, p***<0.0001). 

 

Bands at 960 cm-1 (cholesterol), 1230-1285 cm-1 (Amide III/lipids), 1315 cm-1 

(Phospholipids/Heme Core), 1615 cm-1 (Protein/tyrosine Intermolecular β-sheet) and 

1655 cm-1 (Amide I/Lipid) were identified at increased intensities in CVD blood plasma 

while bands at 1156/1520 cm-1 (β-Carotene), 1206 cm-1 (Proteins/tryptophan and CH2 

wagging) and 1445 cm-1 (Protein) were observed at increased intensities in healthy 

plasma cohorts.  

 

Table 6.1. Tentative Raman assignment of significant peaks of interest between CVD 

and healthy patient samples.  

Shift (cm-1) Vibrational 
Mode(s) 

Assignment Tendency 
(Disease v 

p-value 
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Healthy 
Control) 

960 C-C 
backbone 
vibration 

Cholesterol Increased <0.0001 

1003 Aromatic δ 
ring mode 

Phenylalanine Increased <0.0001 

1156 Bond 
stretching 
(ν) C-C 

β-Carotene Decreased <0.001 

1206 Amide II, 
CH2 
wagging 
vibrations 

Proteins Decreased <0.0001 

1268 =C-H in 
plane 
deformation 
vibrations 

Lipids Increased <0.0001 

1315 τ(CH2), ν21-
δas(CmH) 

Phospholipids/Heme 
Core 

Increased <0.0001 

1340 Aromatic 
ring 
mode/CH 
deformation 

Tryptophan Increased <0.0001 

1445 CH2 bend Protein/Lipid Decreased <0.0001 
1520 NH3-sym 

bend 
β-Carotene Decreased <0.0001 

1615 Aromatic 
ring mode 

Protein 
(Intermolecular β-
Sheet) 

Increased <0.0001 

1665 Amide I, 
C=C stretch 

Amide I/Lipid Increased <0.0001 

 

RS further provides a comprehensive overview of the overall plasma composition with 

the main spectral variations related to lipid/cholesterol peaks. Lipids and lipoproteins 

are known to have a major impact on the genesis and progression of CVD within their 

cellular assembly, degradation, synthesis and plasma concentrations. Classified 

according to their function as either storage lipids, including fatty acids and triglycerides 

or structural lipids such as phospholipids, they are essential for various physiological 

processes. High plasma concentrations of lipids and lipoproteins promote thrombus 
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and plaque formation. Lipids and lipoproteins, together with their transport and 

metabolism, are significant contributing factors of CVD since they regulate plasma 

cholesterol concentration, which enhances the uptake of cholesterol by macrophages 

and subsequently, leads to foam cell formation, ultimately resulting in the formation of 

plaques and inflammation [27]. The observable variation in the Raman spectra also 

correlates with the patient demographics whereby ~40% of CVD patients had known 

hypercholesterolaemia prior to their cardiac episode. Due to the involvement of lipid 

and lipoprotein imbalances in the development and advancement of CVD, there is a 

pressing need to classify them according to their mechanistic impact on the disease in 

the pursuit of novel approaches to effectively predict and treat CVDs [28]. Through 

correlation of the identified intensity ratio changes at 960/1315 bands, which was found 

to be ×8 higher in CVD than in healthy blood plasma, representative of cholesterol and 

total lipids, it is possible to rapidly detect increased levels of both cholesterol and lipids 

with potential to assess CVD risk.  

 

Further to the molecular characterisation, which revealed significant differences 

between the spectral fingerprints of healthy and CVD plasma, an in-depth spectral 

classification was performed via artificial neural network (SKiNET) used as a decision 

support tool to automatically differentiate CVD and healthy controls. This rapid 

classification provides a robust, accurate, high-throughput and simple approach to 

categorising samples into their pre-defined classes from their characteristic spectra as 

well as allowing quicker (<2 mins) profiling and screening of clinical samples. This 

hybrid approach therefore makes it highly suitable for real-time medical diagnostics 

and decision making, leading to immediate interventions or treatments, of a particular 
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importance in a time-sensitive diagnosis such as the CVD. A total of 6,000 CVD and 

4,000 healthy control spectra were spectroscopically profiled and analysed via SKiNET 

with the derived weight vectors characteristic to each class shown in Fig 6.3a. Spectral 

differences of healthy (black) and CVD (red) blood plasma were found to vary 

significantly with SOMDI scores indicating the intensity changes responsible for the 

observed spectral variations and subsequent classification and clustering in SOM (Fig 

6.3b). Main differences were detected at shifts of 850, 960, 1003, 1156, 1206, 1230, 

1268, 1315, 1355, 1445, 1520 and 1655 cm-1. CVD plasma had an increased response 

in the Amide III (1230-1285 cm-1), Amide I (1655 cm-1), total lipids (1315 cm-1) while 

healthy plasma had an increased response in β-carotene (1156/1520 cm-1), 

phenylalanine (1003 cm-1) and CH2 deformation band (1445 cm-1). Overall, SKiNET 

differentiated healthy and CVD plasma with an accuracy of 88.6±0.9%, sensitivity of 

92.9±1.2%, specificity of 85.1±0.8%, positive predictive value (PPV) of 83.6±1.3% and 

negative predictive value of 93.6±1.2%.  

 

Protein, lipid and amino acid attributed peaks were found to represent the main 

changes in the spectra with significant peaks identified in both the Amide I and Amide 

III regions. The amide band I observed between 1600 and 1700 cm-1 is attributed to 

the C=O stretching vibration and is directly related to the backbone conformation. 

Amide I is the most intense absorption band in proteins and the exact position of this 

band is determined by both the backbone confirmation and the pattern of hydrogen 

bonding. An increased Amide I in CVD patients indicates an increase in α-helix 

proteins. Recent studies have indicated that chronic inflammation and oxidative stress- 

both associated with the process of atherogenesis- are mechanistically connected to 
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conversion of proteins into α-helix forms [29]. Moreover, fibrin, a blood protein with α-

helix structures plays a central role in blood clotting, forming at sites of vascular injury. 

Fibrin also serves as the framework for pathological obstructive thrombi, which occlude 

blood vessels, impede blood flow and result in myocardial infarctions and ischemic 

strokes [30]. The increase of fibrin present in the blood plasma after the cardiac event 

most likely contributes to this observed intensity change.   

  

Amide III, however, is a rather complex band and results from a mixture of several 

different coordinate displacements. It is dependent on the nature of the side chains as 

well as the hydrogen bonding present. Within these banded regions, the presence of 

specific amino acid side chains can be recognised. These side chain vibrations are 

located between 1400 and 1800 cm-1 (amide I and amide II region). Of the 20 amino 

acids, 9 are particularly dominant in this region, aspartic acid (1574 cm-1), glutamic 

acid (1560 cm-1), arginine (1673 cm-1), lysine (1629 cm-1), asparagine (1678 cm-1), 

glutamine (1670 cm-1), tyrosine (1518 cm-1), histidine (1596 cm-1) and phenylalanine 

(1598 cm-1). In CVD, localised inflammation as well as increased cell-to-cell 

communications could potentially affect the polarisation and proliferation of immune 

cells via alterations within the metabolism of amino acids [31]. Glutamate and 

glutamine have associated with atherosclerosis development as well as other cardio-

metabolomic disorders [31], [32]. For example, in patients with cardiac catheterisation, 

these amino acids were used as the most significant discriminator between coronary 

artery disease (CAD) and non-CAD patients [33]. High glutamate levels were also 

associated with the incidence of coronary artery disease and was linked to the clinical 
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onset of atherosclerosis due to its increased risk of plaque development and increased 

intima-media thickness [34], [35], [36]. 

 

Furthermore, methionine paired with its metabolic intermediate homocysteine has also 

been found to promote atherosclerosis in both human and animal models with 

methionine-induced hyperhomocysteinemia, accelerating the initial development of 

plaques and enhancing further plaque fibrosis via numerous mechanisms, including 

increased lipid peroxidation and impaired antioxidant activity [37]. In addition, a study 

by Jauhiainen et al. investigated the significance of 9 different amino acids (alanine, 

glutamine, glycine, histidine, isoleucine, leucine, phenylalanine, tyrosine, and valine) 

as risk factors for CVD events [38]. They determined that phenylalanine and tyrosine 

were significantly associated with an increased risk of CVD while alanine was 

nominally associated with CAD events. Tyrosine, a nonessential amino acid, and a 

precursor of the catecholamines has previously been linked with an increase of carotid 

intima-media thickness while alanine has been associated with elevated blood 

pressure, insulin resistance and type 2 diabetes, all of which are widely accepted risk 

factors for cardiometabolic diseases and CVD [39], [40], [41].  
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Figure 6.3. (a) Characteristic bands of importance identified via SOMDI SKiNET analysis (left) 

highlighting the most influential Raman bands responsible for the clustering observed in SOM (right) 

successfully classifying blood plasma according to the correct class of CVD (red) or healthy (black) with 

an accuracy of 88.6±0.9%. (b). Box and whisker plots represent the minima, maxima, interquartile 
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ranges, whiskers and the median in peak intensities identified via SOMDI as having the greatest effect 

on the classifier, i.e., the spectral changes of greatest importance with the largest changes observed at 

960, 1003, 1156, 1206, 1268, 1445, 1520, 1615 and 1655 cm-1 as identified through molecular 

characterisation and SKiNET classification with a 10-fold cross validation. 

 

Further, there was a decrease in intensity of the peaks assigned to β-carotene in CVD 

patients. Widely available in plant-based foods, the efficacy of β-carotene in CVD risk 

is currently controversial. Many studies e.g., by Rapola et al. and Omen et al. reported 

no benefit of β-carotene and only a slight adverse effect on the incidence of CVD, 

whereas Lee et al. and Cook et al. reported no overall effects of β-carotene on CVD 

events amongst apparently healthy women and those at high risk for CVD [42], [43], 

[44], [45]. 

 

To identify specific RS peaks correlating with the different stages of CVD, we further 

studied the spectral changes after three months following therapeutic interventions 

including aspirin, clopidogrel and ticagrelor and compared these to patient samples 

immediately after a cardiac event. 2000 CVD, matched with further 2000 follow-up and 

2500 healthy control cohort spectra were acquired and abolished (Fig 6.4a). Visually 

observable primary peaks of lipids arising from the stretching of various CH2 and CH3 

groups (1150-1268 cm-1) and of proteins including contributions from the amide groups 

of the secondary protein structures (α-helix and β-sheets), aromatic and branched 

amino acids such as valine, leucine, phenylalanine, tryptophan and tyrosine (1003, 

1340 and 1600 - 1650 cm-1) and stretching or deformation of CH, C=C and NH3 (1600-

1650 cm-1) were identified. Spectral analysis revealed that across the majority of the 

follow-up patients’ plasma after three months of therapeutic interventions returned to 
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similar levels observed in the average spectra from healthy control cohort plasma. 

Interestingly, peaks attributed to cholesterol (960 cm-1) and lipids (1268/1315 cm-1) 

exhibited significant decreased in intensity in line with those obtained from healthy 

control plasma. Differences between healthy and follow-up plasma were largely 

confined to CH2 bending of proteins between Raman shifts of 1450-1500cm-1. To 

further confirm the significance of these spectral markers in the definition of the 

healthy, diseased and therapeutic response stages of CVD as well as to define the 

sensitivity and efficiency of the approach, hybrid RS-SKINET (Fig 6.4b-g) revealed 

77.3±1.9% accuracy differentiating healthy, CVD and follow-up plasma, 65.9±1.5% 

accuracy differentiating healthy and follow-up plasma and 83.8±1.2% accuracy 

distinguishing CVD from follow-up plasma (Table 6.2). RS-SKiNET classification 

indicated a higher degree of sample crossover between healthy and follow-up patients, 

achieving a relatively poor classification accuracy and thus, indicating a higher degree 

of similarity between these cohorts. Whereas a comparison between patient matched 

CVD and follow-up plasma yielded a higher classification accuracy, revealing clearer 

spectral clustering with significantly lower sample crossover.    

 

Furthermore, to provide a comprehensive assessment of the diagnostic accuracy of 

the classification we used receiver operating characteristic (ROC) curves to assess the 

differentiation of healthy and CVD blood plasma by calculating the area under the 

curve (AUC), plotting the true positive versus the false negative rates (Fig 6.5) 

alongside bow and whisker plots determining the significance of the most influential 

peaks highlighted via SKiNET and SOMDI classification (Fig 6.5c-d). From the ROC 

curves we determined the intrinsic distinguishing between individuals with CVD and 
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those follow-up patients, with AUC of 0.94 (95% CI 0.86-1.03), indicating high levels 

of discrimination between the sample types. The ROC’s steep ascent with the 

consistent trajectory toward the upper-left corner, indicating a minimal rate of false 

positives while maximising true positive predictions of the classification. This is critical 

when assessing diagnostic or predictive models, due to the indication of the ability to 

accurately detect relevant disease cases and states. This high discriminative power 

underscores the utility of the developed classifier in clinical practice, where the rapid 

measurement of patient response to therapeutics is of paramount importance. 

Contrastingly, when investigating the performance of the classifier to distinguish 

between healthy plasma and of CVD patients three months post therapeutic 

interventions, the ROC curve indicated limited discrimination ability. With an AUC of 

only 0.54 (95% CI 0.37-0.70), the classifier’s ability to discriminate between the two 

groups is insignificant, indicating a considerably higher degree of similarity and 

crossover between healthy and patients on therapeutics post cardiac event. These 

findings may indicate the high effectiveness of the medication in mitigating the 

molecular or biochemical changes associated with CVD and therefore, the spectra 

closely match those of healthy controls. It further can be an indication of biomarkers’ 

stabilisation, where the therapeutics stabilised, or reversed disease-specific 

biomarkers or molecular alterations originally present in CVD plasma. In such cases, 

disease remission indicating that CVD patient’s health has improved to a level 

comparable to healthy individual.  There is also a possibility of limited disease 

progression, leading to a preservation of patient molecular profiles similar to healthy 

subjects. Further research and clinical assessment would be required to fully 

understand the clinical implication of these findings. 
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Table 6.2. CVD differentiation via classification performance of healthy and CVD 

patient plasma compared to healthy controls including sensitivity, specificity, accuracy, 

positive predictive values and negative predictive values.  

Comparison Sensitivity (%) Specificity (%) PPV (%) NPV (%) Accuracy (%) 

Healthy vs. Follow-
up 

61.1 ± 2.1 56.6 ± 1.3 54.0 ± 1.6 63.4 ±1.8 65.9 ± 1.5 

CVD vs. Follow-up 83.3 ± 0.8 84.3 ± 0.9 84.5 ± 1.3 83.1 ± 
0.9 

83.8 ± 1.2 
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Figure 6.4. (a). Representative average Raman spectra of healthy control (black), CVD (red) and patient 

matched three-month post therapy follow-up (blue) blood plasma.  (b) SOMDI and (c) SOM of healthy, 
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CVD and follow-up blood plasma, (d) SOMDI and (e) SOM of healthy and follow-up blood plasma and 

(f) SOMDI and (g) SOM of CVD and follow-up blood plasma, classifying the samples according to 

diseased state with an accuracy of 77.3±1.9%, 65.9±1.5% and 83.8±1.2% respectively.   

 

This suggests patient plasma, three months post cardiac event has significantly lower 

levels of cholesterol and lipids, most likely due to the positive effects of therapeutics. 

The main peaks of significance were identified in the Amide I band region (1600-

1655cm-1) indicating differences within secondary protein structures.  

 

Interestingly, classifying the significant spectral shifts with the greatest effect on the 

classifier via box and whisker plots analysis, revealed the previously identified 

cholesterol (960 cm-1) and lipid peaks (1200 -1340 cm-1) as having the greatest 

influence on sample classification and subsequent greatest variation amongst CVD 

and healthy plasma, three month post therapeutic follow-up samples compared with 

healthy plasma were now found to be significant with only little effect on the classifier 

(Fig 6.5c-d). 

 

Collectively, these findings suggest that whilst medication is highly beneficial in 

managing CVD and preventing further complications, complete reversal of all structural 

changes may not be achievable. Phenylalanine has long been associated with immune 

activation and inflammation. Previous studies, e.g., by Chen et al., have shown that 

increased plasma concentrations of phenylalanine predict mortality in critical patients 

such as in those with heart failure [46]. Higher phenylalanine levels correlate with 

substantial inflammation and changes in cytokines, suggesting some level of 

immunodepression and malnutrition. The decrease in intensity of phenylalanine at 
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1003 cm-1 in follow-up plasma compared with CVD patients, therefore, indicates the 

ability of the therapeutics to manage certain aspects of CVD, such as reducing 

inflammation evidenced through a decreased in phenylalanine. However, this 

combined with the significant difference in secondary protein structure, also suggests 

these interventions do not reverse all molecular and structural changes which have 

already taken place at the time of the cardiac event. 

 

Characterising complex biofluids via RS coupled with advanced AI provides a powerful 

tool for point-of-care detection of clinical diseases. Machine learning is particularly 

effective for categorising otherwise uninterpretable, patient-plasma derived spectra 

which contain a variety of low concentration, disease-specific molecular biomarkers 

within a hugely populated and cumbersome spectral background of biological 

molecules. Therefore, SKiNET in conjunction with RS molecular profiling has been 

applied to classify a panel of potential CVD-indicative biomarkers (Table 6.3). These 

candidate biomarkers were systematically evaluated and compared with the obtained 

spectral fingerprints of healthy and CVD blood plasma (Fig 6.6). The identified panel 

included apolipoprotein B (ApoB), lipoprotein A (LpA), proprotein convertase 

subtilisin/kexin type 9 (PSCK9), C-reactive protein (CRP), d-dimer, interleukin-9 (IL-9), 

myeloperoxidase (MPO), tumour necrosis factor-alpha (TNF-α), copeptin, galectin-3, 

growth and differentiation factor-15 (GDF-15), matrix metalloproteinase 9 (MMP9), N-

terminal pro-B-type natriuretic peptide (NT-proBNP), suppression of tumorigenicity 2 

(ST2), soluble interleukin-6 (SIL-6) and atrial natriuretic peptide (ANP), all chosen 

based on their specificity for CVD and known physiological response in patients.  
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Fig 6.6 shows the obtained mean spectral fingerprints for each biomarker signposting 

the most significant peaks previously determined via SKiNET in the classification of 

CVD, follow-up and healthy control plasma. The candidate biomarkers were split into 

three subgroups including cardiac lipids, those involved in inflammation and 

thrombosis and those associated with cardiac injury with each marker exhibiting 

specific Raman bands. When compared with the spectral fingerprints of healthy and 

CVD plasma all biomarkers, excluding copeptin and ST2, were identified as statistically 

significant with an increased tendency in CVD plasma.  Atherosclerosis affecting the 

coronary arteries is primarily influenced by cholesterol, specifically low-density 

lipoprotein cholesterol (LDL-C). This is underscored by the success of LDL-C lowering 

medications such as, statins as well as Mendelian randomisation studies, which clearly 

demonstrate the causative role of LDL-C’s in CVD [47], [48]. Recent studies have 

identified the significant role of PCSK9 in regulating LDL-C with levels of soluble 

PCSK9 emerging as a novel indicator of CVD risk [49]. While previously thought to 

play a protective role against CVD risk, high-density lipoprotein cholesterol (HDL-C) 

has recently been brought into question with clinical drugs trials aimed at raising HDL-

C levels casting doubt on this assumption with evidence on the casual role, if any, of 

HDL-C on CVD risk remaining uncertain [47], [48]. Aside from their involvement in the 

pathogenesis of CVD, lipids and lipoprotein particles also influence inflammatory 

processes as well as the functions of vascular and cardiac cells, thus impacting both 

the vessels and heart [49], [50]. As inflammation plays a central role in the 

pathophysiology of CVDs, mediators of inflammation are therefore of interest as 

potential risk markers. Lipid-driven inflammation of the arterial wall characterised by 

the innate and adaptive immune response is a hallmark of coronary artery 
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atherosclerosis. The early development of an atherosclerotic plaque is dependent 

upon interactions between damaged smooth muscle cells, smooth muscle cells in the 

arterial wall, and circulating inflammatory cells [51], [52]. Following the rupture of an 

atherosclerotic plaque, complex communications between immune cells and platelets 

drive the formation of a thrombus and the onset of widespread inflammation. The 

developed thrombus subsequently can obstruct a coronary artery, potentially leading 

to myocardial ischaemia and thus, the necrotic cell death triggers a pro-inflammatory 

response of cytokines, including IL-6, IL-1β and TNF-α and CRP via reactive oxygen 

species (ROS) production, complement cascade activation and the release of damage-

associated molecular patterns (DAMPs) such as high mobility group box 1 (HMGB1) 

and heat shock proteins [52], [53], resulting in elevated levels of these proteins due to 

systemic inflammation [54], [55]. Anti-inflammatory cytokines together with TGF-β, 

work to suppress the initial inflammatory response. Also released by neutrophils and 

macrophages are matrix metalloproteinase enzymes such as MMP9, known to 

breakdown components of the extracellular matrix [56], [57]. Tissue remodelling due 

to increased MMP activity is known to play a central role in inflammation and injury. 

MMPs in CVD are known to mediate the rupture of atherosclerotic plaques, the 

outcome of which may result in a chronic disease progressing to an acute MI. 

Interestingly, previous studies have indicated that patients who have suffered an MI or 

AF and present with elevated levels of GDF-15 may suffer from poorer outcomes, with 

this cytokine having been positively correlated with increased risk of cardiovascular 

events and as an independent predictor of mortality in patients with coronary artery 

disease and heart failure [56], [58].   
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Figure 6.5. ROC plots representing the sensitivity versus 1-specificity derived from post probability 

assignment applied to determine the success for classifying the healthy and CVD-derived blood plasma 
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for (a) CVD and follow-up and (b) healthy and follow-up patients. The AUC indicates that the change in 

the protein and lipid levels of plasma are valuable markers to discriminate healthy from CVD-indicative 

blood plasma showing an excellent performance with AUC of 0.94 (95% CI 0.86-1.03) and only 0.54 

(95% Cl 0.37-0.70) for healthy compared to 3 month post cardiac event follow-up blood plasma, 

respectively. (c-d). Box and whisker plots represent the minima, maxima, interquartile ranges, whiskers 

and the median in peak intensities identified via SOMDI as having the greatest effect on the classifier, 

i.e., the spectral changes of greatest importance with the largest changes observed at 960, 1003, 1156, 

1206, 1268, 1315, 1340, 1445, 1520, 1615 and 1655cm-1, which were further found to be statistically 

significant via the t-test evaluation (**p<0.001, ***p<0.0001).   

 

Table 6.3. Potential biomarkers of CVD with their associated roles and tendency in 

CVD patients. 

Biomarker Categ
ory 

Physiological 
Range 
(ng/mL) 

Released 
in 
Respons
e 
To/Modifi
ed By 

Role in CVD Tendency 
(Disease v 
Healthy 
Control) 

p-
value 

Apolipoprotein 
B (48,49) 

Lipid 5 x 105 to 15 x 
105 

Inflammat
ion 

Key structural 
protein of all major 
atherogenic 
lipoproteins; plays 
multiple roles in 
regulating lipid 
metabolism 
 

Increased  <0.00
1 

Lipoprotein A 
(50,51) 

Lipid 5 x 105 to 15 x 
105 

Inflammat
ion 

Involved in foam 
cell formation, 
smooth muscle 
cell proliferation, 
plaque 
inflammation and 
is the main carrier 
of oxidised 
phospholipids 
considered 
proinflammatory 
and 
proatherogenic 
  

Increased <0.00
1 

Proprotein 
convertase 
subtilisin/kexin 
type 9 

Lipid 170 - 220 Influence
d by use 
of statins 

Circulating 
regulator of low-
density lipoprotein 
cholesterol (LDL-
C) via its ability to 

Increased <0.00
1 
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(PCSK9) 
(52,53) 

induce 
degradation of the 
LDL receptor 
(LDLR) in the 
lysosome of 
hepatocytes 
 

C-Reactive 
Protein (54,55) 

Protein 100 - 1000 Inflammat
ion 

Produced in 
response to 
circulating 
cytokines such as, 
interleukin-6 by 
hepatocytes. 
Robust marker of 
inflammation, 
however non-
specific for CVD  

Increased <0.05 

D-Dimer 
(56,57) 

Fibrin 
degrad
ation 
produc
t  

<250 Thrombos
is, 
Inflammat
ion 

Indicator of 
thrombosis and 
resultant fibrin 
degradation 
 

Increased <0.00
1 

Interleukin-9 
(IL-9) (58,59) 

Cytoki
ne 

0 – 0.044 Inflammat
ion 

Pro-inflammatory 
cytokine released 
in response to 
chronic 
inflammatory 
conditions 
 

Increased <0.00
1 

Myeloperoxida
se (MPO) 
(60,61) 

Leuko
cyte-
derive
d 
Enzym
e 

0 – 65.66 Inflammat
ion 

Catalyses the 
formation of H2O2 
to reactive oxygen 
species, is an 
integral 
component of the 
innate immune 
response and 
contributes to 
tissue damage 
during 
inflammation 
 

Increased <0.05 

Tumour 
necrosis 
factor-alpha 
(TNF-α) 
(62,63) 

Cytoki
ne 

0.0247 Inflammat
ion 

Transducer of 
CVD, implicated in 
inflammation, cell 
survival, growth 
differentiation and 
apoptosis. 
Functions within 
cytokine cascade, 
inducing or 
supressing genes 
 

Increased <0.05 

Copeptin 
(64,65) 

Glycop
eptide 
(C-
termin
al 

0.24 – 1.58 Systemic 
inflammati
on, 
hemodyn

Co-released with 
arginine 
vasopressin 
(AVP) and acts as 
a marker of 

- N.S. 
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portion 
of 
arginin
e-
vasopr
essin) 

amic 
stress 

vasopressin 
secretion. 
Vasopressin is 
released in 
response to 
plasma osmolality 
 

Galectin-3 
(66,67) 

Β-
galact
oside-
bindin
g 
protein 

5.3-18.0 Inflammat
ion, 
fibrosis, 
and 
angiogen
esis 

Pleiotropic 
regulatory role 
with several 
cellular functions 
such as cellular 
growth, 
proliferation, and 
tissue repair. 
Implicated in 
several diseases 
including organ 
fibrosis, cancer, 
and 
atherosclerosis 
 

Increased <0.01 

Growth and 
differentiation 
factor 15 
(GDF-15) 
(68,69) 

Cytoki
ne 
(Belon
gs to 
transfo
rming 
growth 
factor 
(TGF-
β) 
superf
amily 
of 
protein
s) 

0.537 – 1.847 Inflammat
ion, 
oxidative 
stress, 
hypoxia 

Identified as an 
inflammatory 
marker with a 
cardioprotective 
role. Highly 
induced in 
cardiomyocytes 
after ischemia and 
in the heart after 
an MI  
 

Increased <0.05 

Matrix 
metalloprotein
ase 9 (MMP9) 
(70,71) 

Endop
eptida
se 

3 - 41 Inflammat
ion, 
fibrosis 

Degrades 
extracellular 
matrix (ECM) 
proteins and 
activates 
cytokines and 
chemokines to 
regulate tissue 
remodelling 
 

Increased <0.01 

N-terminal pro-
B-type 
natriuretic 
peptide (NT-
proBNP) 
(72,73) 

Peptid
e 
(amino 
termin
al 
fragme
nt of 
prohor
mone 
BNP) 

0.025 – 0.2 Myocardi
al stretch 

Inactive N-
terminal fragment 
of the precursor 
for BNP. Identified 
marker for release 
of BNP which is 
known to induce 
diuresis 
 

Increased <0.00
1 
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Suppression of 
tumorigenicity 
2 (ST2) (74,75) 

Memb
er of 
IL-1 
recept
or 
family 

Male 8.6 – 49.3  
Female 7.2 – 
33.5 

Cellular 
stress, 
infection 

Ligand of ST2 is 
IL-33 which is 
involved in 
reducing fibrosis 
and hypertrophy 
in mechanically 
strained tissues  
 

- N.S. 

Soluble 
Interleukin-6 
(SIL-6) (76,77) 

Cytoki
ne 

0 – 0.044 Inflammat
ion 

Induces Th 17 
differentiation, 
stimulates 
polarisation of 
macrophages 
 

Increased <0.00
1 

Atrial 
Natriuretic 
Peptide (ANP) 
(78,79) 

Hormo
ne 

0.004 – 0.006 Vascular 
remodelli
ng, 
energy 
metabolis
m 

Regulates salt-
water balance and 
blood pressure by 
promoting renal 
sodium and water 
excretion and 
stimulating 
vasodilation. Also 
has anti-
hypertrophic 
function in the 
heart 

Increased <0.05 

 P-value <0.05 was deemed statistically significant. 

We have subsequently compared the relative peak intensities which were determined 

statistically significant (***p<0.0001) and successfully classified via SkiNET, yielding 

Raman key-bands, characteristic of patients with CVD (Fig 6.7a) and established the 

individual molecular barcodes building upon the biochemical fingerprints of both 

plasma and the CVD-indicative markers (Fig 6.7b). Machine learning classification 

combined with student’s t-test revealed ApoB, LpA, IL-9, NT-ProBNP, PCSK9 and SIL-

6 yielded spectral signatures of the previously identified key-bands, which are 

characteristic of CVD plasma. Of a particular interest are the Raman bands at 1003 

and 1315 cm-1, which were assigned to phenylalanine and lipids. Examining the 

spectral signatures of the CVD-indicative biomarkers, the SIL-6 yielded an increased 

intensity at 1003 cm-1 in-line with that observed in CVD plasma. Similarly, LpA, ApoB 

and PCSK9 demonstrated a considerable increase in intensity at 1315 cm-1 and at 
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1200-1340 cm-1 also principally assigned to lipids. Furthermore, there was an increase 

in Amide 1 at 1600-1655 cm-1, found to be upregulated in both NT-ProBNP (~21%), IL-

9 (~18%) and LpA (~28%). Collectively, these indicate the significant role of lipids and 

cytokines in the onset of CVD and thus, demonstrates their potential as significant 

indicators of disease.  

 

The conventional understanding of atherosclerosis suggests that the amount of 

cholesterol contained within various types of lipoprotein particles (such as low-density 

lipoprotein, chylomicron and LpA particles) in the plasma plays a crucial role in 

determining the total mass of cholesterol deposited within the arterial walls and 

therefore contributing to the development of atherosclerosis. However, it is important 

to note that each of these particles contain one molecule of ApoB and there is now 

significant evidence to suggest that ApoB is a more accurate indicator of the risk of 

atherosclerosis associated with lipoproteins compared to either low-density lipoprotein 

cholesterol or non-high-density lipoprotein cholesterol, corroborating our findings 

where ApoB is recognised as a significant contributor and indicator of CVD [59].  

Although an increase in cholesterol at 960 cm-1 has been observed, this effect is 

considerably lower than the increase associated with ApoB and LpA. Cholesterol can 

only penetrate the arterial wall when carried by ApoB particles and the amount of 

cholesterol carried per ApoB particle is known to vary. Consequently, the quantity of 

cholesterol deposited in the arterial wall is dependent on how many ApoB particles 

become trapped within it [91]. Moreover, once inside the arterial wall, smaller ApoB 

particles with less cholesterol content are more likely to become trapped than larger 

ApoB particles with higher cholesterol content since they exhibit stronger binding 
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affinities to the glycosaminoglycans found in the subintimal space of the arterial wall. 

Therefore, ApoB particles are highly atherogenic and serve to amplify and simplify the 

information provided by traditional lipid markers when assessing atherogenic risk 

attributable to the ApoB lipoproteins with the ApoB levels indicating the atherogenic 

particle concentration independent of the cholesterol content [92]. Furthermore, the 

identification of LpA as a strong indicator of CVD is supported with evidence from a 

multitude of mechanical, observational and genetic studies that provide substantial 

evidence for that LpA plays a causative role in the onset of CVD such as coronary 

artery disease, peripheral disease and most likely ischemic stroke [62]. High LpA 

concentrations are present in 10-20% of the population and have long been associated 

with an increased risk of ischemic cardiovascular disease however, at present they are 

not currently targeted in the prevention of CVD [27], [61]. In the instance of MI, high 

LpA concentrations predicted 2-to-3-fold increases in CVD risk. Similarly, NT-ProBNP 

is strongly associated with mortality in patients with CVD. A recent study by Echouffo-

Tcheugui et al. determined that amongst individuals without prior CVD, elevated NT-

ProBNP was associated with significantly higher risk of CVD mortality, with findings 

similar across all subgroups defined by age, sex, race, ethnicity and body mass index 

therefore, indicating NT-ProBNP may be useful for monitoring risk in the general 

population [93]. 
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Figure 6.6 Average Raman spectra of candidate CVD biomarkers indicative of (a) thrombosis and 

inflammation, (b) cardiac lipids, (c) cardiac injury with (highlighted) SKiNET identified peaks of significance.  
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Currently, cardiac blood biomarkers include creatinine kinase (CK), CK-MB (a subtype 

of CK), cardiac troponin and myoglobin [94], [95], [96], [97]. Of these, cardiac troponin 

is the most used biomarker as it has the highest known sensitivity and enters the blood 

soon after a heart attack. Two forms of troponin may be measured, troponin T and 

troponin I, with troponin I highly specific to the heart and remaining in the blood longer 

than CK-MB. The challenge traditionally associated with CVD biomarkers is one of 

specificity and rapid clearance. CK for instance, may increase in conditions other than 

CVD, such as trauma and inflammation, which is also the case for CRP, detected at 

high levels in several inflammatory conditions [95]. CK-MB, while more sensitive to 

damage caused by a cardiac event, generally peaks 4-6 hours after a heart attack with 

levels returning to normal within 24-48 hours [96]. Many of these biomarkers are also 

unable to detect minor myocardial damage, therefore, being less suitable in patients 

with a delayed presentation of MI or other associated CVDs. From our further the 

spectroscopic profiling and the corresponding relative peak analyses, the most 

dominant spectral changes, determined to be statistically significant for detecting the 

different biomarkers (p***<0.0001), yielded the biomolecular barcodes (Fig 6.7b). An 

accurate diagnostic and prognostic biomarkers pool for CVD remains an unmet clinical 

need. These barcodes provide valuable information regarding molecular composition, 

structure and interactions within the sample posing important advantages in healthcare 

setting applications including disease diagnosis, where the identified spectral features 

associated with disease would allow for accurate and early diagnosis and disease 

monitoring, where changes in spectroscopic barcodes over time could indicate whether 

a disease is advancing, regressing or remains stable. Moreover, molecular 

spectroscopy is essential in pharmacological studies to assess how medications 
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interact with biological molecules and tissues thus, advancing the general 

understanding of therapeutics mechanism and evaluating potential new candidates. 

The derived barcodes combined with the identified biochemical changes and their 

close match with notable biomarker characteristics, establish a group of potential first-

line screening biomarkers of CVDs. 
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Figure 6.7. (a) Histograms of the relative intensities of the dominant Raman peaks identified in CVD, 

healthy, follow-up patient plasma and ApoB, LpA, IL-6, PCSK9, NT-ProBNP and SIL-6 CVD-indicative 

biomarkers. (b). Molecular barcodes derived from healthy, CVD and follow-up patient plasma and 

candidate CVD biomarkers including the ApoB, IL-6, LpA, NT-ProBNP, PCSK9 and SIL-6, highlighting 

the dominant, statically significant peaks. 
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Since many individuals with CVD are asymptomatic in the early stages of disease 

resulting in a delayed diagnosis and often when symptoms do present, they are non-

specific, varied and attributed to a number of other conditions, a potential new 

spectroscopically determined biomarker panel could enhance disease diagnosis, 

treatment planning and monitoring in both at home and at healthcare settings. It can 

further provide an in-depth molecular-level understanding of disease, revealing 

changes in the underlying biochemistry prior to macroscopic tissue changes, enabling 

more precise and personalised approaches to patientcare. In addition, RS-SkiNET 

holds the potential to streamline and simplify CVD diagnostics, leading to quicker and 

more accurate results and improved long-term prognosis. 

 

6.4 Conclusions 

The presented findings underscore the potential of Raman spectroscopy as a powerful 

diagnostic and monitoring tool in the field of cardiology. We have demonstrated the 

ability of RS to accurately (>88%) detect molecular changes associated with CVD, 

where the high specificity allows for the detection of subtle alterations in the molecular 

composition of tissues and biomolecules, enabling the detection of cardiovascular 

disease at early stage when the clinical symptoms are absent or absent. This approach 

derives molecular barcodes and combined with advanced machine learning 

classification, correlates this to CVD-indicative biomarkers via the spectral fingerprints. 

Furthermore, the spectroscopic-SkiNET ability to classify healthy, CVD and follow-up 

patient plasma positions this as a pioneering technology for not only early diagnostics 

but also for longer term patient monitoring and prognosis. The real-time data 

acquisition, coupled with the non-invasive nature, renders RS-SkiNET a powerful asset 
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for in-situ tracking of CVDs, which is particularly crucial in chronic and progressive 

conditions, where regular monitoring can influence patient outcomes. Through the 

provision of dynamic molecular insights, this technique offers the potential to guide 

treatment adjustments, ensuring that interventions remain aligned with the evolving 

disease states. Furthermore, the remarkable role of RS-SkiNET in biomarker discovery 

led to the identification of six candidate biomarkers of CVDs including the ApoB, LpA, 

PCSK9, IL-9, SIL-6 and NT-ProBNP. These biomarkers hold promise not only for 

enhancing diagnostic accuracy, but also for providing subtle insights into the 

underlying pathophysiology.  

 

In-depth analyses of CVD plasma spectra with those of healthy controls revealed 

further noticeable differences indicating CVD is heavily associated with systemic 

metabolomic alterations, offering potential diagnostic utility. Of a particular interest 

were the marked differences in cholesterol/lipid signatures as well as the overall 

protein profile of blood plasma. This differentiation consolidates the capability of 

Raman as a screening method in CVDs. Since patients often experience no symptoms 

of an underlying CVD, the ability of RS-SkiNET to detect molecular changes 

associated with it, may further enable the identification of risk factors including for 

instance, increased lipid or amino acid levels prior to the manifestation of clinical 

symptoms or a potentially fatal cardiac event. The non-invasive nature of RS allows 

for the assessment of cardiovascular health without the need for invasive procedures 

or contrast agents, reducing patient risk and discomfort. It also provides multi-

parametric analysis with multiple molecular components analysed simultaneously, 

collectively providing a comprehensive view of cardiovascular health.  
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Building upon its molecular specificity, label-free capabilities, speed of detection, 

deployability outside the laboratory settings without loss of performance (hence, the 

inherent portability) and the potential for biomarker discovery, RS-SkiNET has the 

potential to complement existing screening tools and contribute to early CVD 

diagnostics as well as opening a promising new avenue for an advanced first-line 

screening tool for cardiovascular diseases, ultimately benefiting healthcare providers 

and patients as well as saving lives. 

 

6.5 Materials and Methods 

6.5.1 Patient samples and plasma preparation 

Consecutive patients referred to the Cardiology department at Queen Elizabeth 

Hospital Birmingham were initially screened for eligibility. Inclusion criteria included a 

diagnosis of CVD and being aged between 18-85. CVD diagnosis was established 

using clinical, serological, CT and ultrasound data. Exclusion criteria included 

pregnancy, chronic liver disease, sepsis infection and rheumatological disease. In 

total, 60 CVD patients were recruited with a control group of 40 healthy volunteers with 

no known underlying health conditions or personal or family history of CVD. The overall 

patient demographics is summarised in Table 1. Written consent was obtained from all 

participants included in this study. Follow-up patient samples were obtained three 

months after the initial hospital visit. 7 mL of blood was collected in a vacutainer 

containing EDTA as an anticoagulant. These were immediately centrifuged at 2,000 x 

g for 20 minutes, followed by 13,000 x g for 2 minutes to obtain blood plasma. Blood 

plasma was stored in sterile cryovials (Thermo Fisher, UK) at 80°C. Samples were 

thawed at room temperature immediately prior to their analysis.  
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Table 6.4. Baseline clinical and laboratory characteristics of study patients.  

 Control (n = 40) CVD (n = 60) 
Age (years) 48.5 ± 11.5 65.5 ± 23.5 
Sex (Male/Female) 28/12 49/11 
Systolic blood pressure (mmHg) 122 ± 8 135 ± 25 
Diastolic blood pressure (mmHg) 77 ± 9 84 ± 36 
BMI (kg/m2) 28.2 ± 4.2 34.3 ± 6.8 
Hypertension, n (%) 0 32 (53%) 
Diabetes Mellitus - T1, n (%) 
                              -T2, n (%) 

0 
0 

0  
9 (15%) 

Hypercholesterolaemia, n (%) 0 23 (38%) 
Previous MI, n (%) 0 13 (22%) 
Previous HF, n (%) 0 5 (8%) 
Previous Stroke, n (%) 0 13 (22%) 
Presentation    STEMI, n (%) 
                        NSTEMI, n (%) 
                        Atrial Fibrillation, n (%) 
                        Other  

- 
- 
- 
- 

3 (5%) 
16 (27%) 
8 (13%) 
33 (55%) 

Medication  Aspirin,  (%) 
                   Clopidogrel (%) 
                   Ticagrelor, n (%) 

0 
0 
0 

19 (32%) 
6 (10%) 
4 (7%) 

 

6.5.2 Biomarkers 

Biomarkers were purchased from Generon (Slough, UK), Miltenyo Biotec (Bergisch 

Gladbach, Germany) and Merck Life Science (UK). All biomarkers were reconstituted 

to a final working concentration of 1 mg/mL and were analysed immediately. 

 

6.5.3 Raman Measurements 

Raman measurements were acquired using a Renishaw inVia Qontor Raman confocal 

spectrometer (Renishaw, Wootton-under-Edge, UK) equipped with a Leica DMLM and 

a laser light source operating at 785 nm. Calibration was performed with a silicon wafer. 

Prior to analysis, 5 μL of plasma was deposited onto an aluminium foil covered glass 

slide and air dried for 30 minutes at room temperature. Raman measurements were 

performed using 5% laser power (~5 mW at source), x50 objective and a 1200 l/mm 
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grating. Spectra were acquired in the fingerprint region of 750-1650 cm-1 with a total of 

10 acquisitions of 1s each. For each sample 100 spectra were collected acquiring 

10x10 map with a step-size of 5 μm. 

 

6.5.4 Data Acquisition and Analysis 

WiRE software (Renishaw, UK) was used for the spectral acquisitions, to remove 

cosmic rays and for baseline subtraction using a 5th order polynomial fit. Spectra were 

normalised using the standard normal variate (SNV) using a custom python script 

(Python 3.7). Spectral data analysis was performed and plotted using OriginPro, 

version 2023 (OriginLab Corporation, Northampton, MA, USA). The student’s t-test 

was used to determine statistically significant differences between peak intensities in 

the Raman spectra for different sample groups. p-values of <0.05 were considered 

significant. Multivariate analysis was performed using SKiNET with the accompanying 

Raman Toolkit web interface to build SOM models using training data (80%) and 

perform predictions against test data (20%).  10-fold cross validation of the training 

data was completed to optimise SKiNET models, along with fine tuning of the number 

of training steps, grid size and initial learning rate. The final model consisted of 10x10 

grid of neurons, 46,080 (4 epochs of the data), and initial learning rate of 0.1. 

Classification of the test data was repeated 10 times from separate SOM initialisations. 

SOMDI, by assigning class vectors as labels for each spectrum with corresponding 

weight vectors for each neuron, allowed the identification of the data type responsible 

for activating a particular neuron. This was subsequently used to inspect weights 

across all neurons and allow the extraction of prominent spectral features belonging to 

each class. Barcoding was performed via Python with barcodes generated using the 
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Savitzky-Golay filter to calculate the second derivative of each spectrum. The 

smoothing window was set to 21 with polynomial order of 2. Values exceeding 40% of 

the maximum height were assigned as 1, while values below this threshold were 

categorised as 0. These values were then overlaid onto the representative mean 

spectra, aligning with the underpinning peak positions.    
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 7.1 Abstract 
One of the biggest public health challenges faced worldwide is the growth of the global 

ageing population.  Associated with this, is the increase in incidence of serious health 

conditions such cardiovascular diseases (CVD) and inflammatory bowel diseases 

(IBD). Often, there are no early underlying symptoms, with a heart attack or stroke 

being first indications of CVD and sudden abdominal pain for IBDs. At present, there 

is no easy way of detecting early disease of individuals or assessing if someone is in 

good health at the point-of-care or in the community with no portable technology 

existing for quantitative assessment of early-stage CVDs and IBDs with sufficient 

sensitivity and timeliness to aid the stratification with rapid, early-diagnosis and triage, 

whether this is at GP/consultant clinics, or in-situ monitoring following diagnosis. 

Therefore, the development of a quick, simple and low-cost bedside, point-of-care 

technique to detect biomarkers indicative of diseases, from readily available biofluids 

such as blood-plasma or saliva, are of a vital importance. Lipid membrane extracellular 

vesicles (EVs), varying in size and conformation, are known to play a role in numerous 

diverse processes including intercellular communication, recycling of membrane 

proteins and lipids, immune modulation and cellular proliferation. EVs can act as a 

biomarker, specifying the progression of the disease state of the cells in which they 

originate.  Herein, we have developed a portable advanced integrated multipurpose 

spectroscopic lab-on-a-chip (AIMSpec-LoC) for timely and rapid detection of CVDs and 

IBDs via specific fingerprinting for low-cost, non-invasive, early-stage diagnosis. The 

hybrid on-chip isolation with our advanced AI discrimination provides simultaneous 

analysis of multiple EV subtypes indicative of disease, demonstrating classification 

accuracy of >97% in the diagnosis of CVD and IBD from blood plasma and saliva, 
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respectively. AIMSpec-LoC is subsequently validated, uniquely capturing and 

detecting EVs while delivering molecular fingerprint specificity with sensitivity of >96%, 

yielding an attractive tool for sensing target biomarker molecules for timely diagnosis 

and rapid monitoring. Being convenient and efficient, it is capable to not only reduce 

the time spent waiting for a definitive diagnosis, improve prognosis and save lives but 

also, allow for accurate measurement of the efficacy of specific clinical therapies and 

interventions, pinpointing clinical progress. Advanced computational spectral analysis 

for quantitative determination of biomarkers with clinical input on the validated panels 

will in turn, enable accurate prognostic models of pathogenesis. Overall, AIMSpec-LoC 

development, by leveraging the intrinsic sensing properties of advanced optofluidic 

lab-on-a-chip, lays the platform towards a disruptive, real-time diagnostic platform 

technology, addressing an unmet need for improved interventions, which in the long-

term, will increase the period individuals spend in good health and ensure that they 

reach an old age in good health as well as reduce morbidity.  

 
7.2 Introduction 
Cardiovascular diseases (CVDs) are the leading cause of morbidity and mortality 

worldwide, with high-complication rates. 20.5 million people died from CVDs in 2019, 

accounting for 32% of global deaths [1]. Although, many CVDs could be prevented by 

addressing behavioural risk factors of heart diseases and stroke, e.g., physical 

inactivity and tobacco use, often no underlying atherosclerotic arterial disease has yet 

been identified and only the fatal cardiac events such as stroke or heart attack 

constitute the first signs. Inefficient prevention of cardiovascular disease increases the 

incidence of cardiovascular-related health conditions, contributing to higher demands 

on healthcare system. Furthermore, the steadily growing elderly population has been 
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increasing the demand from the health and social services for prolonged periods as 

patients with multiple CVDs require long-term management with repeated visits to 

healthcare professionals. Therefore, it is crucial to detect CVDs as early as possible to 

reduce the major burden on the healthcare systems through the inclusion of 

management, interventions and medications. Similarly, inflammatory bowel disease 

(IBD), including Crohn’s disease (CD) and ulcerative colitis (UC) affects over 10 million 

people worldwide with the incidences continuously increasing [2]. These idiopathic 

inflammatory bowel disorders are characterised by both acute and chronic diseased 

states and whilst CD causes transmural inflammation and can affect any part of the 

gastrointestinal tract, UC is typified by mucosal inflammation [3]. Although the exact 

aetiology of IBD remains largely unknown, research indicates immune responses, 

intestinal microbial flora, genetics and the external environment are all involved in the 

pathogenesis of disease. In addition to the decline in quality of life, individuals living 

with IBD face an increased risk of gastrointestinal cancer and despite therapeutic 

advancements, hospitalisation rates for IBD and CD have been significantly increasing, 

resulting in substantial socioeconomic costs and burden [4]. 

 

Accurate measurement of a patient’s diseased state through condition-specific 

biomarkers is essential in contemporary healthcare to inform strategic therapeutic 

interventions [5], [6]. CVD- and IBD-indicative biomarkers can offer valuable insights 

into the biological pathways associated with specific pathologies. This facilitates 

effective categorisation and classification of diseases, aiding in the guidance of 

appropriate management strategies [6], [7], [8]. Nevertheless, standard time-to-results 

for numerous diagnostic and prognostic tests specific to CVDs including, 
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electrocardiogram, CT coronary angiography, MRI and radionucleotide tests are often 

greater than a month [9]. These tests are expensive and delayed access provides a 

barrier to initiation of effective preventive treatments, leading to avoidable mortality. 

Conventional diagnostic methods often involve invasive procedures such as, coronary 

angiography in CVD and endoscopy in IBD, which are associated with small risks of 

heart attack, stroke, infection and discomfort for patients [10]. Thus, there is a pressing 

need for rapid, reliable, non-invasive diagnostic approaches. The development of a 

disposable, simple and low-cost bedside device to measure potential biomarkers of 

early CVD and IBD, from readily available biofluids such as, blood-plasma or saliva, 

would be of vital importance and a major step towards the determination of an 

individual’s disease state. It would also allow for the accurate measurement of the 

efficacy of specific clinical therapies and interventions, indicating how an individual is 

clinically progressing. 

 

In recent years, extracellular vesicles (EVs) have been emerging as promising 

circulating biomarkers of disease [11], [12]. EVs are lipid bound membranes, released 

by cells into the extracellular space. They are present in most body fluids, including 

blood, urine and saliva, and therefore, are easily accessible for analysis [13], [14], [15], 

[16]. EVs are considered as reservoirs of important information as they hold key 

evidence relating to the cells from which they originate. Acting as intracellular 

messengers, their role in the potential spread of disease has further garnered 

increasing interest [17], [18], [19], [20].  Although still largely unknown, there are 

multiple routes for generation of EVs, with subpopulations divided into three broad 

groups based on their size, density and composition, which typically include exosomes, 
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microvesicles and apoptotic bodies [21], [22]. Exosomes form as a result of the inward 

budding of endosomal membranes inducing the formation of multivesicular bodies 

(MVBs). MVBs are subsequently released into the extracellular environment by fusion 

with the plasma membrane [23], [24]. Upon their release into either the parenchymal 

space or the urinary space, exosomes can participate in molecular signalling events 

[25].  Microvesicles, on the other hand, are formed by direct budding from the plasma 

membrane [26]. Their formation is induced in the presence of a stimulus such as, 

oxidative stress, which drives cellular events e.g., phospholipid-binding proteins. This 

in turn, leads to the budding and release of microvesicles from plasma [27]. Apoptotic 

bodies are released during the latter stages of cell death and contain a multitude of 

cellular organelles, cytosolic content and nuclear materials [28]. Despite each EV 

subgroup exhibiting apparent differences in their mechanisms of formation, once 

secreted from a cell, it is difficult to discern one EV subtype from another. These 

vesicles do not contain a specific molecular marker or descriptive property 

distinguishing the sub-groups [29]. The overall potential as key biomarkers has 

attracted a growing interest in EVs, which carry and protect cellular cargoes, including 

nucleic acids, proteins and lipids from their place of origin and thus, reflect the 

physiological and pathological state of their parent cells [30], [31], [32]. The detection 

and analysis of EVs therefore, offers valuable insights into the disease mechanisms, 

diagnosis, prognosis as well as response to therapeutics.  

 

EVs are heterogenous in origin, molecular constituents and size, and whilst they are 

present in an array of complex biofluids, these comprise differing amounts of non-

vesicular structures, which may impede analytical results [30]. The characterisation of 
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exosomes and other types of EVs pose significant challenges beyond establishing 

consistent parameters for defining each subtype with this task recently becoming more 

complex due to a growing recognition that proteins (and nucleic acids) loosely 

associated with the surface of the EVs, once regarded as artifacts of purification play 

functional roles [33], [34], [35]. Conventionally, EVs are described by their spherical 

phospholipid bilayer, within which transmembrane proteins such as, tetraspanins are 

embedded and until recently it was believed this bilayer defined the outer extent of 

exosomes, with any proteins adhering to the surface post-purification considered 

contaminants [36], [37]. However, as functional significance is attributed to these 

proteins forming the EVs corona, the field is undergoing a profound paradigm shift. It 

is understood the composition of such EV corona is likely to be influenced by the 

material the EV was isolated from, for example, urine typically contains fewer proteins 

compared to serum. EVs can either be washed in a biological fluid to remove the 

corona or washed in an appropriate buffer, such as one containing proteinase K, to 

eliminate the corona [38], [39], [40]. Moreover, non-EV components often co-isolated 

(proteins, lipoproteins) can contribute to the formation of the EV corona and thus 

interfere with downstream analysis. For example, the presence of abundant plasma 

proteins in the EV corona may mask or obscure the signals of low abundance EV 

biomarkers, leading to reduced sensitivity and specificity of detection methods [34], 

[35].  The isolation and separation of EVs is therefore a required pre-analytical step 

with a variety of analysis techniques used to separate and characterise both EVs and 

corona proteins. Conventional methods including, for instance, ultracentrifugation, size 

exclusion chromatography (SEC) and immunoaffinity approaches used to investigate 

EVs suffer from low throughput times and require expensive equipment, highlighting 
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the increasing demand for improved analytical methods [41], [42], [43], [44], [45]. 

Microfluidics has recently been emerging as an additional technique in EV research 

[46], [47], [48] with the lab-on-a-chip (LoC) based technologies holding promise for 

overcoming many of the challenges associated with existing EV isolation methods. By 

leveraging microfluidic systems, LoC devices can provide enhanced control over fluid 

flow, enabling precise and efficient isolation of EVs [49]. Such control and tunability 

enables the optimisation of isolation conditions and minimises the formation of non-

specific binding events that may contribute to, for example, the EV corona [34]. The 

miniaturised nature of these devices allows for reduced volumes, rendering them 

suitable for time-sensitive or limited sample sources. They also allow the integration of 

functionalised surfaces to selectively isolate EVs based on surface markers or cargo 

molecules, thereby, reducing non-specific binding events [50], [51].  Moreover, LoC 

platforms offer added opportunities for automation, standardisation and multiplexed 

processing, leading to improved reproducibility and scalability of EV isolation 

protocols[52]. The miniaturisation and integration of quantitative analytical techniques 

within the chip, such as molecular profiling methods via Raman spectroscopy (RS), 

can enable the further facilitation of the downstream rapid, non-invasive and accurate 

analysis of isolated EVs.  

 

Raman spectroscopy is a highly sensitive analytical technique, which offers a 

distinctive spectral fingerprint of target analytes via the inelastic scattering of light. 

Through close examination of spectroscopic bands associated with specific molecular 

vibrations, RS discriminates between molecular species and provides insights into their 

relative abundance as well as information regarding the secondary structure of 
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proteins, confirmation of nucleic acids and the ordering of lipids within the EV 

membranes, offering overall valuable insights into vesicle composition and 

organisation [53], [54]. The integration of RS with LoC technology for EV separation, 

detection and analysis therefore has a significant potential to enable the efficient and 

high-throughput isolation along with a controlled and reproducible environment for 

analysis, whilst performing real-time and in-situ detection of isolated EVs, yields rapid 

characterisation of their molecular composition.  

 

Herein, we have developed a portable advanced integrated multipurpose 

spectroscopic lab-on-a-chip (AIMSpec-LoC) for isolation, detection and analyses of 

EVs via specific RS fingerprinting for low-cost, non-invasive, early-stage diagnosis. 

Design and development of our unique optofluidic Raman lab-on-a-chip device 

technology for detection of CVD- and IBD-indicative biomarkers enables timely 

detection of EVs as key-disease indicators, as a platform towards providing 

transformative triaging and diagnostics. AIMSPec-LoC rapidly extracts EVs from 

biofluids and detects these as key markers with high-sensitivity, specificity and 

timeliness. The developed lab-on-a-chip technology combined with Raman 

spectroscopy subsequently, is validated for the detection of cardiovascular and 

inflammatory bowel disease indicators, establishing a powerful analytical tool for 

biomolecular analysis. The acquired spectral data via AIMSPec-LoC are subsequently 

classified using our advanced artificial neural networks (NAA) self-optimising Kohonen 

index network (SKiNET) algorithm as a decision support tool for easy readouts for 

clinicians. SKiNET is based on self-organising map (SOM) with a classification via the 

self-organising map discriminant index (SOMDI).  AIMSPec-LoC is further shown to 
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overcome several of the challenges associated with existing methodologies for the 

isolation of EVs. For instance, field-flow fractionation (FFF) used in EV isolation, where 

a sample is injected into a chamber is often affected by a cross flow with smaller 

particles eluting earlier [55], takes one hour to perform, requires significant sample pre-

preparation to remove larger cells and debris and can only be operated by highly 

trained specialists. In contrast, AIMSPec-LoC requires no sample pre-preparation and 

analyses biofluids in their native state. A further isolation technique commonly applied 

in microfluidic EV studies is immunoaffinity capture (IAC). IAC relies on the antigenic 

identification of EV surface components (primarily proteins) and although is rapid and 

selective when used for either preparation or analysis, one intrinsic drawback of this 

technique is the requirement for prior knowledge of the surface antigen to be targeted, 

and which, may be present across multiple subpopulations of EVs [56]. Targeting only 

a single antigen is further exacerbated by the loss of potentially important EV 

populations.  

 

Overall, by leveraging the ability of RS to analyse complex molecular signatures, we 

have identified disease specific EV markers associated with CVD and IBD. Through a 

comprehensive analysis combined with advanced computational algorithm, our 

developed novel approach for the accurate and early detection of CVD and IBD, 

ultimately would lead to improved patient outcomes and more effective disease 

management. Measuring abnormal changes in specific biomarkers would be indicative 

of CVDs / IBDs, providing a quantitative evaluation in the initial stages whilst also aiding 

in quantifying the extent of the damage. It would be interpreted by clinicians as an 

indication to initiate treatment before advanced disease has developed. In the long-
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term, this platform could be extended to further applications e.g., early-recognition of 

neurodegenerative diseases, degeneration and timely interventions specifically 

targeting the identification of CVDs and IBDs in otherwise healthy individuals. The 

integration of simultaneous EVs isolation with Raman spectroscopy holds great 

promise for disease diagnostics. It can improve the discovery of future cardiovascular 

and IBD markers for early-diagnostics and intervention as well as advance the 

understanding, prevention and treatment of CVDs, IBDs etc. and the associated 

detrimental conditions. 

 

7.3 Results and Discussion 
A unique lab-on-a-chip device capable of isolating and separating extracellular 

vesicles as key targets of cardiovascular and inflammatory bowel diseases has been 

developed, offering a highly versatile application with faster analysis times compared 

to conventional methods such as ultracentrifugation. The miniaturised design, 

eliminates the need for multiple separation steps, reduces the required sample volume 

and enables the integration of isolation and downstream analysis onto a single platform 

(Fig.7.1a). The portability and compactness of the LoC is well suited for point-of-care 

applications, allowing for their deployment in various clinical settings to provide real-

time diagnostics. 

 

The AIMSpec LoC was designed and engineered to enable sufficient isolation of 

various populations of EVs, including exosomes, microvesicles and apoptotic bodies 

within size ranges of 40-100, 101-200, 201-500 and 501-5000nm, respectively. In 

addition, the platform was designed to facilitate isolation and separation of up to 1mL 

of sample at final concentrations ranging from 1x106-9x108 EVs from an array of 
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biofluids, while simultaneously allowing the separation of EVs into respective size-

based subgroups. Based on guidelines set out in the MISEV2018 EVs can be 

categorised as either small (<200 nm) or medium/large EVs (>200 nm) according to 

their size. Here, we divide our EV subgroups into small (<100 nm), medium (100 – 250 

nm) and large (>250 nm) particles.  The unprecedented, generated ability of the LoC 

to analyse various vesicles in parallel from multiple body-fluid sources provides 

important and valuable insights into the tissue-specific release of EVs and their 

potential roles in different diseases and biological processes. Figure 7.1 provides a 

comprehensive overview of the experimental setup, illustrating the integration of the 

designed LoC, the biogenesis of EVs with the key components of the methodological 

workflow (Fig.7.1a) including, the sample collection, on-chip isolation, separation and 

subsequent Raman analysis with an AI algorithm data classification, all of which were 

designed and engineered to achieve optimal outputs of speed, specificity and 

accuracy. Simultaneously, it highlights the cellular processes involved in the 

biogenesis of different EV subgroups, e.g., the outward budding of EVs from the 

plasma membrane and their release into the extracellular space (Fig.7.1b) as well as 

representative size-based differences of each group (Fig. 7.1c). Typically, micro-

platforms focus on the isolation of specific EV subtypes, either exosomes or 

microvesicles and incorporate capture mechanisms based on immunoaffinity or 

surface-marker selection. Here, we have uniquely fabricated LoC device capable of a 

broad-spectrum EV isolation, designed to capture a wide range of subtypes, 

collectively enabling not only a comprehensive analysis of the EV population present 

in the sample but also, allowing for a more inclusive and unbiased characterisation of 

EVs and their cargo.  
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Figure 7.1. Overview of the EVs Diagnostic Principles. (a). Schematics of LoC methodology 

including the (A) sample collection from biofluids e.g., saliva and blood, followed by (B) sample 

preparation to isolate plasma via centrifugation and dilution of saliva with (C) on-chip isolation, 

separation and the subsequent Raman detection of EVs obtained from saliva and blood plasma and (iv) 

rapid analysis via artificial neural network algorithm, SKiNET, acting as a decision support tool in the 

classification of acquired data, output in both the diseased state as well as subgroup of isolated EVs 

(D). (b). EV biogenesis illustrating the formation of exosomes via the inward budding of multivesicular 

bodies (MVBs) within the cell, resulting in the release of intraluminal vesicles as exosomes when MVBs 

fuse with the cell membrane and microvesicle formation through the direct outward budding or shedding 

of the plasma membrane. Composition and structure of EV illustrating phospholipid bilayer surrounding 

protein (signalling protein, MVB protein) and nucleic acids (DNA and RNA). Membrane proteins 

including tetraspanins, MHC, receptors, and adhesion molecules (integrins). (c). Typical size ranges of 

the three main EV subgroups compared with cells. Apoptotic bodies range from 1-5μm, smaller 

microvesicles range from 100 to 1000nm, overlapping with bacteria and exosomes are commonly 

40 nm 
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defined as vesicles with sizes in the range of 40-100nm. (d). EV formation highlighting the main contents 

and surface markers of each vesicle type. Exosomes contain ALIX, TSG101, mRNA and tetraspanins 

whilst integrins, selectins and CD40 are characteristic of microvesicles and apoptotic bodies are 

primarily composed of chromatin, DNA fragments and degraded proteins. EV images created in 

Biorendor.com from EV template available. (Figures created in Biorendor.com, adapted from EV 

formation template). 

 

The LoC is designed using a polyethersulfone nanoporous membrane (PES) based on 

a size-based exclusion and filtration approach (Figure 7.2), fabricated to separate EVs 

from biofluids, within which a filtered plasma is acquired from 50μL of blood in <10 

minutes with a similar performance enabled for the filtration of 50μL saliva (1:2v/v in 

PBS) in <15 minutes. Comprehensive characterisation of the AIMSPec-LoC, essential 

in the assessment of chip performance and its suitability for the efficient isolation and 

separation of EVs, incorporated multiple techniques including, nanoparticle tracking 

analysis (NTA), optical microscopy, fluorescence microscopy and dynamic light 

scattering (DLS), in accordance with the international society for extracellular vesicles 

(ISEV) recommendations of at least two characterisation methods to be used for EVs. 

The combined use of these analytical techniques provides a systematic evaluation of 

the LoC functionality, EV size distribution and capture efficiency as well as highlights 

the robustness and an overall performance of the chip in EV isolation and separation, 

providing further insights for its potential straightforward integration into existing 

healthcare pathways as a diagnostic modality. The engineered LoC consists of six 

adhered PDMS layers, with the top layer serving as the primary sample inlet (Fig.7.2, 

a-d). Each subsequent layer consists of a further sample inlet and a sample collection 

well. The PES membranes, of varying sizes (40, 100, 250, 500 and 5000nm) act as 
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filters placed between each PDMS layer at the base of the sample collection wells. 

Capillary channels (0.05 x 0.05mm2) are placed in the base layer to aid fluid flow 

through the chip with the porous membranes in constant fluid contact. Whilst particles 

or EVs larger than the pore size are unable to pass through the membrane and trapped 

in their respective sample well, smaller particles / EVs pass through the membrane 

due to the faster diffusion. An additional membrane (pore size 40nm) is included in the 

design to trap proteins (including lipoproteins) and reduce contamination/co-isolation 

(Fig. 7.2d). The overall membrane placements and collection wells were designed to 

maximize the recovery of samples. The size distribution and concentration of EVs 

captured via the engineered LoC has been subsequently analysed via NTA whilst 

leveraging the Brownian motion of the particles in solution [57]. The representative size 

distribution profile of EVs isolated has been found to be in three main ranges of 41-

100nm, 101-250nm and 251-500nm, (Fig.7.2j). Corresponding well-defined size 

distributions with mean diameters of 61±23nm, 189±84nm and 432±143nm, 

respectively, indicate a successful isolation of EVs within the desired ranges [25], [27]. 

The average EV concentrations were found to be 7.7x108 and 2.2 x108 particles/mL in 

each isolated sample well, confirming the efficient capture capabilities of the pore size-

based separation of plasma based EVs, indicative of CVD. Further, size distribution of 

the larger isolated particles determined via DLS reveals distribution profile of 501-

5000nm with a population consistent with the large particles [28] (Fig.7.2h).  

 

To further assess and evaluate the specific size-based capturing of the EVs, 

fluorescent polystyrene beads ranging from 5μm to 30nm were used to represent the 

EVs dimensions for each studied subpopulation. Representative fluorescence 
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microscopy images of the size-based distribution show the fluorescent particles flowing 

through the microfluidic channels (Fig.7.1, i-j) exhibiting intense fluorescent signal 

corresponding to the specific sample labelling i.e., PS beads in the range of 41-100nm 

(red), 101-250nm (blue) and 251-500nm (green). This indicates specific capturing of 

the target ranges with negligible sample signal crossover and an overall separation 

efficiency of 92% (calculated from the total number of beads collected across all 

filtration membranes divided by the number of those gathered from a single filter 

membrane), demonstrating the capability of the LoC to selectively capture size based 

EVs, delivering a robust platform for downstream analysis and rapid molecular 

profiling. Optical microscopy images of the nanoporous membrane structure (Fig.7.2j) 

showing the surface and internal features to determine pore size, shape and 

distribution, further enable identification of defects or irregularities as well as real-time 

monitoring to eliminate blockages. SEM images of the EVs in solution, captured on 

surface of the nanoporous membrane from each of the filtration steps (Fig.7.2k), 

further confirm the EV subpopulations isolated with size ranges of 40-100nm and 101-

200nm and average EV sizes of 61±3nm and 189±84nm, respectively, in 

correspondence with the NTA analysis. 

 

Important to note, the fabricated chip enables the label-free isolation of EVs and their 

associated subpopulations via size-based and capillary functions by applying g-force 

to the bioparticles, which is several orders of magnitude lower than the typical forces 

applied in conventional ultracentrifugation, reducing the overall particle aggregation 

and damage due to shear stress. The LoC, as a passive cataloguing technique, 

exhibits further advantages over traditional methods such as ultracentrifugation and 
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immunocapture, including the overall lower cost of the system, requiring no additional 

external force fields in contrast to syringe pumps routinely used in EV microfluidic 

systems [50], nor does it require antibodies to capture the EVs. The cost-effective 

engineered design is based on gravity forces combined with capillary channels, 

enabling high throughput fluid flow through the LoC, yielding a smaller, more compact 

chip than other microfluidic devices [58], [59]. Typical blockage issues, often 

associated with microfluidic systems as well as channel deformations are avoided 

within the AIMSPec-LoC due to the larger channel dimensions and overall lower flow 

rate. The ability to isolate EVs directly from saliva and blood plasma offers several key 

benefits for use in clinic or at bedside including, rapid time-to-results (<20 mins), 

portability (75 x 25 x 50mm3) and high accuracy (AUC of 0.95-1). It also enables ease 

of deploy ability in remote or resource limited settings for timely diagnosis and 

treatment even in areas with limited access to laboratory equipment, automation and 

minimal user intervention reducing the potential human error, lower cost per test with 

reduced consumption of reagents as well as inherent scalability for future mass 

production. Finally, the unique ability of the designed LoC to isolate EVs from various 

biofluids, such as saliva and blood plasma, enables multiplexed assay detection. 

Whilst the microfluidic devices typically are applicable for a single biofluid for the EVs 

capture [59], [60], [61], AIMSPec-LoC platform is suitable for simultaneous multi-

biofluid EV capture and isolation, to provide a superior overview of a patient’s health 

status whilst reducing the requirement for multiple costly tests.  
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Figure 7.2. Fabrication and Characterisation of AIMSPec-LoC for the Isolation and Separation of 

EVs. (a). Schematic illustrating overall chip design complete with integrated downstream analytical EV 

Raman analysis. (b). Transparent 3D rendered design of the engineered LoC with embedded sample 

inlets and outlets within each layer with (inset). (c). Colour-coded rendered LoC design with each layer, 

associated with a specific EV size range, highlighted in a different colour. (d). Detailed annotated 

diagram of the LoC showing the sample inlet in the first PDMS layer with the 5000, 500, 200, 100 and 
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40nm filters in subsequent layers and the capillary channels, aiding fluid flow within the system. (e). 

Overview of the LoC fabrication including, 3D printing (top left), PDMS casting (top tight and bottom 

right) and the 3D-assembly (bottom left), yielding the (f) prototype AIMSPec-LoC model. (g). Schematics 

of the capillary flow within the LoC base layer (left) with optical imaging of capillary channels (top right) 

and microfluidic channels (bottom right) connecting sample inlet and sampling well. (h). Optical 

microscopy image (top left) of the 500nm pore size nanoporous filter with the corresponding 

fluorescence microscopy image (left bottom) of collected 500-5000nm EVs and DLS measured via 

Panalytical Zetasizer HPPS (right handside) exhibiting abundance of nanovesicles in the range of 1000-

5000nm. (i). Fluorescence microscopy images of the movement of fluorescent beads, acting as visual 

proxies for EVs within the microfluidic channels and their associated collection in the sampling well, 

demonstrating the separation efficiency of the LoC. Nanoparticle tracking analysis measured 

(NanoSight N300) demonstrated abundance and size distribution of isolated EVs for each filter size.  (j). 

SEM images of the 100nm nanoporous membrane filter indicative EVs. (k) Representative SEM image 

of isolated EVs. 

 

The overall separation efficiency of the LoC of 92%, confirmed by fluorescence 

microscopy combined with NTA (Fig 7.2g and i) is found to be significantly higher than 

size exclusion chromatography of 67.7±13.1% as well as than the polymer-based 

precipitation ~82% [62]. This separation efficiency can be further increased following 

dilution (1:10) of the tested biofluids however, this would be on the expense of the 

throughput and lower sample concentration for further downstream analysis. Our 

AIMSPec-LoC efficiently processes up to 500μL of saliva within 20 minutes 

(~1.5mL/hour), increasing to 650μL (~1.95 mL/hour) for blood plasma (SI Figs.1-2). 

Although this is slower relative to microfluidic approaches such as ExoDFF, our system 

does not rely on any external forces for EV isolation [63] and has a unique ability to 

simultaneously isolate different size groups in a single step. This contrasts with ‘gold-

standard’ of ultracentrifugation for EV isolation, which is unable to separate several EV 
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groups concurrently and requires further density gradient to reach higher purification 

[64]. Furthermore, to tackle the common issue with EV isolation of the co-elution 

contaminating lipoproteins and plasma proteins [65], we employed low protein binding 

PES filter membranes, successfully trapping the contaminating proteins via the 40nm 

filter as well as the lipoproteins including LDL with a size range of 18-35nm. Whilst 

traditional techniques such as size exclusion chromatography (SEC) are effective at 

removing proteins, they are unable to efficiently remove lipoproteins, requiring density 

gradient ultracentrifugation to aid in the exclusion of these contaminants and thus, the 

combined approach suffers from significant losses of EVs [66], [67]. In the AIMSPec-

LoC, the hybrid isolation and spectroscopic detection enable the multiplexed ability 

whilst removing any signal associated with contaminating proteins or lipoproteins. 

Furthermore, although size-exclusion methods are commonly used in the isolation of 

EVs, they often suffer from clogging and trapping in the membrane, poor efficiency and 

deformation of EVs due to pre membrane pressure [68], [69]. These drawbacks are 

circumvented in the AIMSPec-LoC via the introduction of sequential filtration with the 

initial step using a large pore filter (5000nm), followed by sequential filtration steps 

through smaller pore filters (450, 200, 100 and 40nm). Additionally, removing the need 

for external syringe or centrifugal pumps and including capillary channels to propel the 

flow through the system overcomes pressure associated destruction of EVs.  

 

Identifying and characterising different types of EVs can be challenging due to several 

different factors, including their small size, heterogeneity, and the lack of standardised 

isolation and characterisation methods. Due to the overlap in size between the two 

main types of EVs, microvesicles and exosomes, it is difficult to differentiate them 
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based solely on size. Therefore, the identification of biomarkers associated with EVs 

can significantly aid in their identification and characterisation. Biomarkers for example, 

provide specific characteristics that differentiate EVs from other particles or 

contaminants in biological samples as certain proteins, lipids, or nucleic acids may 

serve as unique markers for different EV types (e.g. CD9, CD63, CD82). As EV 

subgroups have distinct biomarker profiles, identifying these biomarkers enable the 

classification of EVs thus providing valuable information as to their cellular origin, 

biogenesis, and functional roles. In addition, changes in the composition of EV 

biomarkers are associated with various diseases. Identification of these specific 

markers can have diagnostic, prognostic, and therapeutic implications, with current 

research exploring the potential use of EV biomarkers for the early detection and 

monitoring of diseases such as cancer, neurodegenerative disorders, and 

cardiovascular diseases.  To further validate the isolation of differing EV subgroups, a 

panel of known EV biomarkers were analysed (Fig 7.3/SI Fig.S3) to obtain their 

Raman spectral fingerprints in order to compare their signatures with those EVs 

isolated and separated with AIMSPec-LoC.  
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Figure 7.3. EV indicative biomarkers (a) AHA1, (b) CD9, (c) CD63 and (d) CD81 (e) CD82 (f) PCDC6IP, 

(g) Phosphatidylcholine and (h) TSG101. Molecular barcoding of corresponding biomarkers of EVs (i) 

AHA1, (j) CD9 and (k) CD61, (l) CD81, (m) CD82, (n) PCDC6IP, (o) Phosphatidylcholine and (p) 

TSG101.  

 



 

 260 

Chapter 7 
Multiple EV surface markers have been reported and are routinely used in the 

identification of extracellular vesicles thus, biomarkers including tetraspanins CD9, 

CD63, CD81 and CD82, programmed cell death 6 interacting protein (PCDC6IP) as 

well as tumour susceptibility gene 101 protein (TSG101), phosphatidylcholine, heat 

shock protein 70 and heat shock protein 90 were herein evaluated. Although present 

in both small and large EVs CD63, CD9 and PCDC6IP are routinely found enriched in 

exosomes and compared to microvesicles [70], [71]. Phosphatidylcholine was also 

analysed as a key indicator of EVs with reports suggesting phosphatidylcholine 

composes 46-89% of the lipid components in all exosomes [73]. Heat shock proteins, 

considered intracellular proteins can shuttle between the cytoplasm and the nucleus 

and although typically not identified on the surface of healthy cells, heat shock proteins 

have been indicated as a constitutive EV protein [74]. From the identified biomarkers, 

significant peaks of interest (p** < 0.01) were identified at Raman shifts of 785, 960 

and 1448 cm-1 for the small particles, 1250-1350 and 1656 for medium particles and 

1003 and 1120 cm-1 for large particles. 

 

Micro engineered AIMSPec-LoC has been subsequently validated via analysing 

clinically relevant samples. Biochemical fingerprints of EVs derived from blood plasma 

and saliva correlating with CVD were investigated via Raman spectroscopy. Through 

the subsequent SKiNET examination of their spectral shift, generated from the 

molecular vibration frequencies of specific molecules including amino, fatty and nucleic 

acids, the disease state of the patients has been determined. The clinical blood plasma 

and saliva were collected as part of the CASCADE and TRAFIC studies (Ethics Ref. 

19/SW/0010), providing samples from CVD and healthy control subjects (Table 10.1) 
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with the consequent EVs collected from the LoC directly detected and analysed via 

Raman spectroscopy (10x10μm2 sample area, 785nm laser). Overall, a total of 4,000 

measurements were collected from blood plasma samples of CVD group (n=20), 20 

healthy volunteers acting as a control group and 4,500 saliva samples from 41 subjects 

including IBD (n=21) and healthy controls (n=24) (Methods). 

 

Advanced ANN SKiNET analysis on the EVs collected from blood plasma from CVD 

patients revealed clearly separated clusters, recapitulating the fine spectral differences 

of the molecular fingerprinting spectra, effectively discriminating the three EV 

subgroups from raw blood plasma (Fig 7.4c). Combination of RS with SKiNET to 

investigate the disease state of a patient, identifies which spectral features, equivalent 

to the biochemical changes, are responsible for clustering and rapidly discriminates 

disease, e.g., CVD, from a pool of healthy control groups.  
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Figure 7.4. Spectral Detection and Differentiation of Cardiovascular Disease from Blood Plasma 

EVs. (a). Illustration of damage sustained to the heart after myocardial infarction with typical stenting 

procedure shown. Coronary angiogram (inset) typically used for clinical CVD diagnosis. (b). BCA 

protein assay indicating differences in protein concentration at each filtration step indicative of 3 main 

subgroups: large particles, medium particles, small particles and raw blood plasma. (c). SOM 
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(inset)/SOMDI of EVs classified with an accuracy of 96.5±0.4%. Sub classification according to EV 

subgroup are represented by blue hexagons for raw blood plasma, red for large particles, black for 

medium particles and red for small particles. Representative average Raman spectra of EV subgroups 

of healthy (black) and CVD (red) of (d) large particles, (e) medium particles and (f) small particles. (g-

h). Box and whisker plots represent the minima, maxima, interquartile ranges, whiskers and the median 

in peak intensities identified via SOMDI as having the greatest effect on the classifier, i.e., the spectral 

changes of greatest importance with the largest changes observed of 851, 960, 1003 and 1657cm-1. (i). 

Representative Raman spectral fingerprints of a range of CVD-indicative biomarkers of interest, 

including apolipoprotein B (ApoB), lipoprotein A (LpA), proprotein convertase subtilisin/kexin type 9 

(PSCK9), C-reactive protein (CRP), d-dimer, interleukin-9 (IL-9), myeloperoxidase (MPO), tumour 

necrosis factor-alpha (TNF-α), copeptin, galectin-3, growth and differentiation factor-15 (GDF-15), 

matrix metalloproteinase 9 (MMP9), N-terminal pro-B-type natriuretic peptide (NT-proBNP), 

suppression of tumorigenicity 2 (ST2), soluble interleukin-6 (SIL-6) and atrial natriuretic peptide (ANP).  

Characteristic molecular barcodes derived from the corresponding average fingerprint spectra with 

spectral differentiation between EV subgroups of (j) raw blood plasma, (k) medium particles, (l) large 

particles and (m) small particles. 

 

Subsequently, we carried out EVs profiling to obtain molecular-level information 

including the composition of EVs as well as identifying biomolecules specific to EVs 

e.g., lipids, proteins and nucleic acids. When CVDs occur clinically, the metabolites 

and protein contents in the blood plasma and saliva increase and the spectroscopic 

peaks indicative of these change in correlation within the detected spectra. The 

intensities of the primary peaks of interest at 960, 1003, 1136 and 1657cm-1 could 

subsequently, be used not only for the differentiation of the CVD but also, to monitor 

the progress post cardiac or inflammatory event since the ratio of characteristic peaks 

changes depending on the pathological status (Fig 7.4a), visible from the obtained 

stenting. We used the hybrid AIMSPec-LoC with AI to assess the patients’ profiling 
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data and analyse the ability to differentiate CVD from circulating EVs in blood plasma, 

whilst identifying the underpinning biochemical changes associated with the disease 

(Fig 7.4d-f). From the SOM/SOMDI we determined the intrinsic classification accuracy 

of 97.1% for the large particles, 98.1% for the medium particles and 100% for the small 

particles, clearly discriminating between CVD and healthy group (Table 7.1). 

 

Table 7.1. CVD Disease Differentiation via EVs. Classification performance and accuracy of healthy 

and CVD patient in blood plasma compared to healthy controls including sensitivity, specificity, positive 

predictive values (PPV) and negative predictive values (NPV). 

Differentiation Sensitivity 
(%) 

Specificity 
(%) 

PPV (%) NPV (%) Accuracy 
(%) 

Healthy vs. CVD 
Raw  
blood plasma 

95.2 ± 0.7  100 ± 0.4 100 ± 0.3 95 ± 0.7 97.5 ± 0.2 
 

Healthy vs. CVD 
large particles 

97.4 ± 1.1 96.8 ± 0.5 96.8 ± 0.9 97.5 ± 0.9 97.1 ± 0.5 

Healthy vs. CVD 
medium particles 

97.5 ± 0.9 98.7 ± 0.6 98.7 ± 01.2 97.5 ± 0.9 98.1 ± 0.3 

Healthy vs. CVD 
small particles 

100 100 100 100 100 

 

To evaluate the discrimination of the differing EV populations within blood plasma 

samples of patients post cardiac event, the acquired spectra were barcoded via the 

dominant peaks of the highest intensity and spectral differences, comparing between 

the CDV and control cohorts (Fig 7.4 j-m). Further to the average spectra the most 

prominent SOMDI extracted (Fig 7.4c) spectral features, responsible for the clustering 

observed in SOM (Fig 7.4c, inset) are 759, 785, 882, 960, 1003, 1124, 1131, 1307, 

1336, 1440, 1600 and 1657 cm-1. With the detailed biochemical attributions of these 
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peaks summarised in Table 7.2, the most prominent characteristic changes are 

attributed to the nucleic acids (720-820cm-1), phenylalanine (1003cm-1), glycine 

backbone and proline side chain (1341-1348cm-1) and lipid and protein markers of the 

CH and CH2 groups (1440cm-1), whereas proteins, lipids and amino acids dominating 

the overall spectra, in correspondence with the literature on the varying cargo within 

the EV subgroups [75], [76], [77], [78], [79]. 

 

Further key differences provide insights into the separation of detected subpopulations 

as well as the raw blood plasma of CVD patients (Fig 7.4c/SI Figs.S4-5) with the major 

intensity differences at 960cm-1 (polysaccharide structure), 1003cm-1 (phenylalanine), 

1341 m-1 (glycine backbone), 1440cm-1 (lipid and protein) and 1656cm-1 (Amide I/lipid). 

For the filtered EVs, the final fraction containing the small particles yields a significantly 

lower peak intensity at 1440cm-1 yet an increased intensity at 1341 cm-1 (p***<0.0001), 

attributed to glycine backbone, while each of the three EV subpopulations found to 

have less intense lipid and protein peaks, i.e., 1440 and 1656cm-1, than raw blood 

plasma. A significant decrease is also measured in protein concentration at each 

subsequent filtration step in the LoC, pertinent to raw blood plasma, large, medium 

and small particles (Fig 7.4b). Blood plasma is known to contain a wide range of 

proteins including albumins, clotting factors, enzymes and hormones as well as various 

other proteins involved in immune response, transport, and regulation [80]. On the 

other hand, EVs protein content varies depending on the cell type and conditions and 

these are known to carry a subset of proteins derived from their cells of origin with their 

cargo involved in intercellular communication and cell-to-cell signalling. While EVs can 

contain a diverse range of proteins, they are typically present at much lower 
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concentrations compared to blood plasma [81] (Fig 7.4b). Amongst the three EV 

subpopulations, small particles exhibit the least strong peak attributed to proteins whilst 

the large particles, the most intense. Large particles (including apoptotic bodies) are 

released during programmed cell death, i.e., apoptosis, and are larger in size 

compared to the other EV subgroups and contain a diverse range of proteins derived 

from the dying cell [28], [82]. Small particles (including exosomes), being considerably 

smaller and formed by the inward budding of multivesicular bodies, also contain further 

proteins including, membrane and cytosolic proteins. However, they generally have 

lower protein levels compared to large EVs (such as apoptotic bodies) due to their size 

and the selective packaging of cargo during their biogenesis, corresponding to the 

lesser measured protein content [82], [83], [84]. 

 

Determining the total protein concentration of a specific subpopulation is further useful 

in assessing the separation efficiency of the LoC designed for EVs isolation. A higher 

protein concentration in the retained fraction indicates better capturing and enrichment 

of the subgroup and thus, a higher efficiency of the LoC device in isolating a specific 

EV population. Conversely, if the protein concentration is similar in both fractions, it 

indicates limitations in the separation efficiency for the targeted subpopulation. In the 

AIMSPec-LoC, as the vesicles passed through the LoC platform, the overall protein 

concentration decreased, indicating effective size-based separation. To address a 

challenge associated with EV isolation and separation due to contaminations, the LoC 

was designed to allow contaminating proteins (including lipoproteins) to flow through 

and since the majority are smaller than EVs, these contaminants are trapped by the 

40nm filter. This results in successful separation of contaminants since the overall 
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protein concentration has decreased during the blood plasma passing through each 

filtration step (Fig 7.4b), in agreement with the 92% separation efficiency calculated 

via a combination of fluorescence microscopy and NTA (Fig 7.2i).  

 

Table 7.2. Raman spectroscopy detected assignments of the dominant, characteristic 

spectral peaks [75], [76], [77]. 

Peak (cm-1) Assignment  
759 Tryptophan -ring breathing vibration 
720-820 Nucleic Acids 
830-853 Tyrosine doublet (protein) 
875, 882 Phosphatidylcholine 
920 Phosphate deformation and bending  
960 Polysaccharide Structure 
1003 Phenylalanine, carotenoids 
1045 Proline 
1124 Lipids 
1131 C-N stretching of proteins 
1125 Myoglobin (haem core), phospholipids, proteins 
1307 Phospholipids, lipids, adenine, myoglobin (haem core) 
1341-1348 Glycine backbone and proline side chain 
1368 Tryptophan, guanine, thymine, myoglobin (haem core) 
1440 Lipid and protein 
1450 CH2-deformation 
1472 CH2 bending of lipids and proteins  
1550 Amide II/Protein 
1553 Tryptophan 
1656 Lipid/Amide I 
1657 C=C stretching in lipids 
1658 (v(C = O )), Amide I and lipids 

 

A further statistically significant difference is found for the dominant bands at 1124, 

1440 and 1656cm-1 (p***<0.0001) associated with lipids at decreased intensities in 

EVs compared to raw blood plasma, with exosomes exhibiting the lowest levels (Fig 

7.4g-h). Blood plasma contains a variety of lipids, including triglycerides, cholesterol, 

phospholipids and fatty acids, which are essential for physiological functions including 
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energy storage, membrane structure and signalling [80]. In contrast, when EVs are 

isolated, the specific method employed to separate the vesicles from the bulk of the 

blood plasma typically removes lipids which are not associated with EVs, resulting in 

a relatively lower lipid content in isolated EVs compared to the raw plasma [85]. Bands 

at 882cm-1 (phosphatidylcholine) and 1553cm-1 (tryptophan) exhibited significantly 

increased intensities in EV subgroups relative to the raw blood plasma. Combined with 

the changes observed in protein and lipid peaks (i.e., 1124, 1440, 1656cm-1), these 

bands could be employed as spectral markers for the EV characterisation, which would 

also aid in the development of further studies to assess the clinical utility of the 

developed technology.  

  

Disease indicative EV spectral differences are found to vary significantly with the 

representative Raman spectra of healthy and CVD derived EVs for each subpopulation 

exhibiting major intensity changes (Fig 7.4d-f). Both, the medium and the small 

particles, exhibited significant intensity increases (~17-68%) (p**<0.001) in CVD group 

at bands of 752cm-1 (nucleic acids), 851cm-1 (tyrosine), 960cm-1 (polysaccharide 

structure), 1144cm-1 (lipids), 1440cm-1 (lipids and proteins) and 1656cm-1 (Amide 

I/lipids) with an additional increase at 1003cm-1 for small particles. The increased 

intensities of nucleic acids (Fig 7.4e-f) can be attributed to the EVs’ representing an 

important intracellular communication mechanism through the containment and 

transportation of bioactive molecules such as, proteins and micro-ribonucleic acids 

(miRs) to target cells [17], [86], [87]. EVs therefore, pass on favourable, neutral or 

harmful effects on recipient cells, which include modulating gene expression and 

affecting molecular pathways. In the case of cardiovascular diseases, EVs can be 
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released by cardiovascular-related cells such as, platelets, monocytes, leucocytes and 

cardiomyocytes[11] and are capable of inducing pathological changes associated with 

CVDs as the composition of proteins and miRs transferred by EVs, which maintain 

cardiovascular balance, can be altered thus, giving rise to the development of CVDs 

[88]. Patients with CVDs often exhibit increased levels of nucleic acids circulating in 

their blood, resulting in packaging of these within the EVs and subsequent release into 

the blood stream [89].  

 

The detected increase in intensity of the amino acid tyrosine in CVD-derived EVs would 

indicate an associated increased risk for CVD. Tyrosine is the precursor of 

catecholamines, which cause high blood pressure when found at increased levels in 

the body [90]. Previous studies have shown that tyrosine causes tachycardia and 

hypertension in small doses, whereas in larger doses the opposite was observed i.e., 

bradycardia and hypotension [91]. Closely associated with the effect of elevated 

tyrosine levels in CVDs, is the increased concentration of phenylalanine. In two of the 

investigated EV subgroups, we have found both peaks at 1003cm-1 associated with 

phenylalanine as well as the 851cm-1 associated with tyrosine are increased in CVD 

patients. Inflammation and immunological activation are directly linked to the onset and 

progression of CVDs, with indications that they furthermore hamper the conversion of 

phenylalanine to tyrosine in individuals with clinical disorders. Intrinsically, increased 

phenylalanine concentrations and a higher phenylalanine-to-tyrosine ratio have been 

linked to immunological markers [92] thus, suggesting a potential spectral biomarker 

of CVD. The observed differences in intensity of each EV subgroup compared to raw 

blood plasma for both tyrosine and phenylalanine indicate the different biochemical 
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composition of EVs isolated via the LoC. Whilst amino acid levels in plasma have been 

used for early detection and diagnosis of diseases such as cervical cancer, pancreatic 

cancer and type 2 diabetes, differing amino acid levels in EVs have only been reported 

in small particles (such as exosomes), analysed with high performance liquid 

chromatography with fluorescence [93], where distinct differences were observed 

between small particles (such as exosomes), and native serum amino acid 

compositions. Of a particular interest, in the study by Onozata et al. histidine, arginine, 

glutamic acid, cysteine, lysine and tyrosine were found to be significantly increased 

(p*<0.05) small particles (including exosomes), indicating that certain amino acids are 

enriched in small particles (including exosomes). We have similarly identified the most 

significant increase in amino acids (tyrosine and phenylalanine) in the fraction 

associated with small particles (including exosomes), in agreement with the study by 

Onozato et al. [93]. In addition, the 1553cm-1 peak associated with tryptophan has 

exhibited a significantly decreased intensity (p*<0.05) in CVD blood plasma in each of 

the three EV subpopulations. Tryptophan breakdown into downstream metabolites is 

accelerated at the onset of CVD via interferon-γ-mediated inflammation [94]. Yu et al. 

determined that a lowered risk of CVD was strongly correlated with an increase in 

plasma tryptophan content, in line with the findings presented here, whereby 

tryptophan is inversely associated with the incidence of CVD [95]. 

 

To further categorise and determine disease-specific molecular markers within the 

EVs, RS was used to profile and classify a panel of CVD-indicative biomarkers. The 

identified panel of CVD biomarkers including apolipoprotein B (ApoB), lipoprotein A 

(LpA), proprotein convertase subtilisin/kexin type 9 (PSCK9), C-reactive protein 
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(CRP), d-dimer, interleukin-9 (IL-9), myeloperoxidase (MPO), tumour necrosis factor-

alpha (TNF-α), copeptin, galectin-3, growth and differentiation factor-15 (GDF-15), 

matrix metalloproteinase 9 (MMP9), N-terminal pro-B-type natriuretic peptide (NT-

proBNP), suppression of tumorigenicity 2 (ST2), soluble interleukin-6 (SIL-6) and atrial 

natriuretic peptide (ANP) were chosen based on their specificity for CVD and known 

physiological response in patients. The acquired average Raman spectral fingerprints 

from the panel of these biomarkers are shown in Fig 7.4i. The spectral fingerprints of 

healthy compared to the CVDs with ApoB, LpA, NT-ProBNP, PCSK9 and IL-9 exhibit 

a statistically significant difference (p*<0.05) with an increased level of each marker in 

CVD-derived EVs, which is most likely due to atherosclerosis affecting the coronary 

arteries, primarily influenced by cholesterol and specifically, low-density lipoprotein 

cholesterol (LDL-C).  

 

This is further underscored by the success of LDL-C lowering medications, such as 

statins as well as Mendelian randomisation studies, which clearly demonstrated the 

causative role of LDL-C’s in CVD [96], [97]. For instance, Leander et al., identified the 

significant role of PCSK9 in the regulation of LDL-C and thus, demonstrated the 

potential of soluble PCSK9 to act as a novel indicator of CVD risk [98]. Further, the 

LpA, ApoB and PCSK9 demonstrated increased intensities at 1315cm-1 as well as 

between 1200-1340cm-1 are attributed to lipids and the identified upregulation of Amide 

I (1600-1655cm-1) in both NT-ProBNP (~18%), IL-9 (~14%) and LpA (~32%), suggests 

the significant role of lipids and cytokines in the onset of CVD and demonstrates their 

potential as significant indicators of cardiovascular disease (SI Tables. 1-4). 
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Further, via the application of SKiNET in the data classification, spectral barcodes of 

healthy and diseased EV subpopulations for CVD have been derived from the 

corresponding average fingerprint spectra selected from the bands of the highest 

intensity and significance (Fig 7.4 j-m) with SOMDI extracted features from SOMs, 

highlighting the most influential Raman peaks for each class. This establishes the 

multiplex barcoding from a complex biological matrix based on their distinct spectral 

signatures combined with the computational SKiNET algorithm for rapid classification, 

via the key-features from the spectral analysis visually represented in the coloured 

Raman maps, providing a selective and sensitive method for detection of CVD. 
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Figure 7.5. AIMSPec-LoC Versatility Validation-Spectral Detection and Differentiation of 

Inflammatory Bowel Disease from Saliva. (a). Protein concentration determined via BCA assay for 

each filtration step corresponding to raw saliva, large particles, medium particles and small particles. (b) 

Representative SOMDI and SOM (inset) of healthy EVs with a classification accuracy of 98.5±0.1%. 

Sub classification by EV subgroup is represented by blue hexagons for raw saliva, red hexagons for 
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large particles, black hexagons for medium particles and green hexagons for small particles. (c). SOM 

clustering (inset) and SOMDI classification of IBD saliva are classified with an accuracy of 96.7±0.2%. 

Representative average Raman spectra of healthy (black) and IBD (red) differentiating (d) large 

particles, (e) medium particles and (f) small particles as well as (g) raw saliva. (h-i). Box and whisker 

plots represent the minima, maxima, interquartile ranges, whiskers and the median in peak intensities 

identified via SOMDI as having the greatest effect on the classifier, i.e., the spectral changes of greatest 

importance with the largest changes observed of 928, 1003, 1448 and 1657cm-1 between healthy (h) 

and IBD (i) saliva for each EV subgroup. Characteristic molecular barcodes derived from the 

corresponding average fingerprint spectra indicative of IBDs of (j), medium particles (top) and small 

particles (bottom) and healthy (k) medium particles (top) and small particles (bottom).  

 

In addition to blood plasma EVs offering instrumental roles in disease diagnosis (Fig. 

7.4/SI Figs.8-9), EVs isolated from saliva hold further important diagnostic potential, 

particularly due to its non-invasive and readily accessible characteristics. The versatile 

nature of the developed AIMSPec-LoC easily adaptable to different biofluids, opens a 

path in the successful diagnosis, and monitoring of further diseases (Fig 7.5). We have 

subsequently, in addition to plasma, tested the developed lab-on-a-chip to efficiently 

capture saliva derived EVs, expanding the scope of EV-based diagnostics. The 

collected EVs from saliva from IBD patients were analysed via Raman spectroscopy 

AIMSPec chip profiling the fingerprint region of 750-1750cm-1 with an optimal signal-

to-noise ratio and spectral reproducibility. Spectroscopic fingerprint datasets 

comprising raw saliva, large particles, medium particles and small particles were 

acquired from 50 clinical samples of nIBD=21 and nHealthy=24 (Methods), characterising 

the molecular profile of saliva derived EVs and elucidating their potential as diagnostic 

candidate biomarkers of IBD. The subsequently classified data via SKiNET 

demonstrates a clear separation of healthy and IBD (Fig.7.5, e-f) for each of the EV 
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subgroups with classification accuracy of 100% (Table 7.3) and of 96.7% for all EVs 

indicative of IBD. 

 

The average spectra from the EV subgroups isolated from healthy and IBD saliva 

exhibit characteristic bands at 1656, 1550, 920 and 720-820cm-1 attributed to Amide I, 

Amide II, phosphate bending and deformation and nucleic acids, respectively. Across 

each spectrum, the lipid and protein contents, particularly via the CH, CH2 and CH3 

Raman shifts of 1124, 1440, 1450, 1472 and 1657cm-1 vary significantly (p**<0.001) 

between the healthy and IBD cohorts as well as between the three EV subpopulations, 

suggesting that the main detected difference within the sample sets largely involve 

both proteins and lipid components (Fig 7.5, k-l). Peaks corresponding to lipids exhibit 

a higher intensity in exosomes than in either of the isolated fractions corresponding to 

medium and small particles. Previous studies indicate exosomes have a remarkably 

high lipid content compared to microvesicles and apoptotic bodies and EVs are well-

established to contain a wide range of lipids including glycerophospholipids, 

sphingolipids, fatty acids and cholesterol [99] Alterations in lipid profiles, such as these 

identified via AIMSPec-LoC in patients with IBDs, have been previously recognised as 

responsible for the upregulation of lipid content within IBD-derived EVs. For instance, 

Jansson et al. analysed faecal samples and identified increased amounts of fatty acids 

such as, linoleic and stearic acids in patients with CD [100]. Also, Franzosa et al. 

reported increased levels of sphingolipids (ceramide and sphingomyelin) in serum of 

IBD patients compared to healthy subjects [101].  
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For the various filtration levels throughout the LoC, raw saliva is found to have the 

highest protein content of 1998μg/mL and the small particles, collected at the final 

filtration step, containing the lowest levels of 701μg/mL (Fig 7.5d). This is in agreement 

with the detected Raman spectra changes, whereby bands associated with proteins 

i.e.,1124, 1131 and 1440cm-1 are of a significantly higher intensity (p**<0.001) in raw 

saliva than the EV subgroups with the least intense protein peaks identified for small 

particles. This is in correspondence with previous studies investigating the potential of 

EV proteins derived from IBD saliva to act as biomarkers of disease indicate higher 

levels of ANXA1 in patients with mucosal inflammation [102]. Furthermore, Zheng et 

al. compared protein profiles of EVs isolated from saliva of IBD patients and detected 

eight proteins, which were only present in EVs of IBDs and not in healthy patients 

[103]. These are in agreement with our findings indicating the observed EV profiles 

significantly differ in the overall protein composition with more intense protein bands 

observed in patients with a known IBD diagnosis with characteristic bands of 1445, 

1472 and 1550cm-1.    

 

Table 7.3. IBD Disease Differentiation via EVs. Classification performance and accuracy of 

healthy and CVD patient in saliva compared to healthy controls including sensitivity, specificity, 

positive predictive values (PPV) and negative predictive values (NPV). 

Comparison Sensitivity 
(%) 

Specificity 
(%) 

PPV (%) NPV (%) Accuracy 
(%) 

Healthy vs. IBD 
Raw saliva 

81.9 ±2.3 85.6 ± 2.8 86.3 ± 1.8 80.9 ±2.1 83.6 ±1.9 

Healthy vs. IBD 
large particles 

100 100 100 100 100 
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Healthy vs. IBD 
medium 
particles 

100 100 100 100 100 

Healthy vs. IBD 
small particles 

100 100 100 100 100 

 

Further identified peaks of significance (Fig 7.5, d-f) are attributed to saccharide 

content of the samples. Of a particular interest are the tryptophan ring detected at 

759cm-1, tyrosine doublet (protein) at 830-853cm-1, 882cm-1 (phosphatidylcholine), 

1003cm-1 (phenylalanine), 1049cm-1 (glycogen) and 1307cm-1 (phospholipids). These 

distinct bands combined with the protein and lipid peaks, also dominant from SOMDI 

analysis, constitute the major differences in the biochemical composition of EVs in 

healthy versus IBD saliva sample types and within each EV subpopulation. The 

identified increase in phenylalanine and tyrosine in IBD saliva is consistent with 

previous reports, which shown increased levels of these amino acids as indicators of 

IBD [100]. It has also been reported that increased levels of phenylalanine have been 

associated with immune activation and inflammation and in the diseased state, there 

is a greater infiltration of inflammatory cells leading to the increased quantity of 

phenylalanine (Fig 7.5, g-j). Inflammation disrupts the epithelial barrier, which prevents 

nutrients from being absorbed in the gut and leads to IBD patient samples such as 

faeces, to contain higher levels of amino acids e.g., phenylalanine and tyrosine [104]. 

Similarly, tryptophan has been also shown to be altered in IBD patients with Jansson 

et al. and Schicho et al. identified increased levels in faecal and urine samples [100], 

[105]. Tryptophan plays significant roles in IBDs leading to its upregulation. It serves 

as a precursor for serotonin, which may influence gut function in patients whilst 

metabolised along the kynurenine pathway leading to production of metabolites i.e., 
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kynurenine and quinolinic acid, both of which have been implicated in modulating 

immune responses and inflammation. Inflammation-induced tryptophan uptake has 

also been shown to lead to increased tryptophan levels since the inflammatory 

processes in IBD result in increased availability of tryptophan in immune cells and 

hence, increased circulating levels. Furthermore, patients with IBD typically show an 

overall decrease in their gut microbiome taxonomic diversity compared to healthy 

individuals with these changes reportedly altering many metabolites and pathways due 

to the inability of the gut microorganisms to transform dietary products into compounds 

essential for metabolism with amino acids being the most affected by this failure. 

Therefore, the significantly differing amino acid profiles identified via spectroscopic 

analyses may, in the longer-term, pave the way for these to act as significant EV-

derived biomarkers of IBD. 

 

Furthermore, comparing the presence of non-EV contaminants in saliva versus plasma 

is essential for understanding the composition and potential influence of these 

contaminants on EV studies. Non-EV contaminants in saliva may include various 

components such as mucins, proteins from oral bacteria, food residues, and other 

salivary proteins [106], [107]. These contaminants can originate from the oral cavity 

and surrounding tissues and may vary in composition and concentration depending on 

factors such as oral hygiene, diet, and oral health status[108]. However, many reports 

indicate that salivary EVs have a higher degree of purity compared to EVs from serum 

or plasma due to the low amounts of co-isolated proteins and the absence of 

lipoproteins [109], [110], [111]. In contrast, non-contaminants in plasma may include 

high protein concentrations of, for example, albumin as well as lipoproteins that have 
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similar dimensions and densities as EVs. Plasma samples typically contain EVs in the 

size range of 40 nm to 2 μm, as was evidenced in this study; while lipoprotein 

subgroups of high-density lipoproteins (HDL) are 5-12 nm in size, low density 

lipoproteins (LDL) are 18-25 nm in size, intermediate density lipoproteins (IDL) are 25-

35 nm in size, very low-density lipoproteins (VLDL) are 25-35 nm, chylomicron 

remnants are 30-80 nm, and chylomicrons are 75-1200 nm in size [110], [112], [113], 

[114]. Thus, this size range makes it difficult to isolate each pair of particles 

respectively. In this study, low protein binding filter membranes of 40 nm have been 

applied to trap particles smaller than 40 nm in the size range smaller than EVs but 

larger than HDL, LDL, IDL, and VDL in order to reduce the effects of contamination 

from these components on the overall Raman spectra obtained for each fraction.  

 

In addition, the presence of VLDL in plasma and triglycerides in serum post-meals is 

closely linked to the plasma concentration of EVs and thus implies that the 

quantification of particles via a technique such as NTA may be influenced by the 

presence of these molecules [114]. To reduce this effect, blood samples, similarly to 

saliva were collected 45 minutes prior to any ingestion of food. Moreover, studies 

indicate samples collected using Ethylenediaminetetraacetic Acid (EDTA) as a blood 

anticoagulant exhibits the highest plasma concentration of EVs, thus indicating that 

EDTA may stimulate the generation of micro-vesicles through platelet activation and 

thus contribute to the increased numbers of smaller EVs detected with NTA [115]. 

The presence of non-EV contaminants in saliva and plasma has the potential to 

compromise findings in EV studies such as the one presented here. They can for 

example, interfere with the detection and quantification of EV associated biomarkers, 
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masking or obscuring signals from EV-specific markers, reducing the overall sensitivity 

and specificity of biomarker assays. They can also lead to the generation of false 

positive or false negative results and thus introduce bias and misinterpretation [109], 

[110]. Therefore, it is paramount to apply an EV isolation technique that minimises this 

potential interference. Here, low-protein binding PES membranes were applied as well 

as the introduction of filters with pore sizes of 40 nm to trap smaller lipoprotein particles 

and reduce the error associated with non-EV contamination. Increased co-isolated 

proteins identified in plasma could also be attributed to EV protein corona. It is well 

understood that EVs circulating in the blood have protein corona, which comprises 

molecules tethered to the vesicles and cannot be separated from the outer membrane 

of EVs during isolation [33], [34]. Some of these proteins constitute the protein cargo 

absorbed onto EVs, while others are partially recruited from bodily fluids following 

vesicle shedding. Also, the calculated ratio of protein per fraction was greater for 

salivary EVs than those derived from serum, indicating salivary EVs may have a limited 

protein corona and a major protein load in their core [116], [117].   
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Figure 7.6. ROC plots representing the Sensitivity versus 1-Specificity derived from post probability 

assignment applied to determine the success for classifying the healthy and CVD-derived blood plasma 

for (a) small particles, (b) medium particles and (c) large particles and of healthy and IBD saliva for (d) 

small particles, (e) medium particles and (f) large particles, two-sided test with no multiple comparisons. 

The AUC indicates that the change in the protein and lipid levels of plasma and saliva-derived EVs are 

valuable markers to discriminate healthy from the IBD and CVD-indicative EVs with the CVD indicative 

EVs showing an excellent performance with AUC = and 0.99 (95% CI 0.99-1.0), 0.95 (95% CI 0.94-

0.96) and 0.92 (95% CI 0.81-1.03) for small, medium and, large particles respectively, and  AUC = 0.99 

(95% CI 0.99-1.0) and, 0.99 (95% CI 0.99-1.0) and 0.96 (95% CI 0.95-0.97) for IBD-indicative small, 

medium and, large particles. 

 

We used receiver operating characteristic (ROC) curves to assess the differentiation 

of healthy and CVD blood plasma as well as healthy and IBD saliva for each of the EV 

subpopulations by calculating the area under the curve (AUC) plotting the true positive 

versus the false negative rates (Fig 7.5). From the ROC curves we determined the 
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intrinsic classification accuracy in CVD-derived blood plasma of 99% for small particles 

(Fig 7.6a), 95% for medium particles (Fig 7.6b) and 92% for large particles (Fig 7.6c) 

and in IBD saliva of 99% for the small particles (Fig 7.6d), 99% for medium particles 

(Fig 7.6g) and 96% for large particles (Fig 7.6f) clearly discriminating between healthy 

and diseased groups, which is crucial for classifying CVD and IBD. 

 

To note, the ROC’s steep ascent with the consistent trajectory toward the upper-left 

corner, indicating a minimal rate of false positives while maximising true positive 

predictions of the classification. This is critical when assessing diagnostic or predictive 

models, due to the indication of the ability to accurately detect relevant diseases cases 

and states. The calculated AUC overall range from 0.92-0.99 with the higher values 

demonstrated for the small particle subpopulation in both plasma and saliva, in-line 

with SOM classification accuracy (Fig 7.4c and 7.5f) with classification accuracies of 

>96%. These AUC values underscore the robustness of our combined AIMSPec-LoC 

with intrinsic AI classification, exhibiting accurate discriminatory capabilities, 

particularly valuable in applications of disease diagnostics, where precision and 

specificity are of a paramount importance.  

 

Overall, the spectral barcodes derived from the corresponding average fingerprint 

spectra of healthy and IBD derived EVs used to identify biochemical components 

based on their unique Raman signature highlight the importance of proteins and lipids 

as the primary biomolecules responsible for the classification of patient samples, in 

agreement with SKiNET classification with SOMDI extracted features from SOM (Fig 

7.5, m-n), identifying the most influential specific Raman bands. Through spectral 
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barcoding of the data sets, each component's unique barcode serves as a spectral 

fingerprint, allowing for the identification and characterisation of individual 

biochemicals without the need for prior knowledge or reference samples. It also allows 

for the differentiation of closely related species with similar Raman bands as well as 

any changes within the barcode, which may be due to the disease progression or drug 

interactions, cementing the AIMSPec-LoC suitability to non-invasively detect and 

monitor the diseased state of patients. 

 

7.4 Conclusions 

Numerous CVDs currently are only identified after a life-threatening event such as a 

heart attack or stroke, making it vital to recognise, detect and study, the often subtle, 

biochemical changes which precede these events. Similarly, with IBDs, oftentimes it is 

difficult to discriminate these from other gastrointestinal diseases such as, irritable 

bowel syndrome, with invasive and painful endoscopy being the current ‘gold standard’ 

diagnostic method. There is, therefore, an unmet need to diagnose and quantify the 

molecular profile of CVD and IBD at the early disease onset.  

 

We have developed a novel lab-on-a-chip technology for simultaneous isolation and 

analysis of extracellular vesicles, which has been validated for the detection of EVs 

indicative of CVD and IBD from blood plasma and saliva. The AIMSPec-LoC enables 

label-free separation of extracellular vesicles and their associated subgroups of small, 

medium and large particles via its inherent size-based and capillary action functions. 

In contrast to traditional methods, our on-chip isolation and detection requires minimal 

sample pre-processing, eliminating degradation and subsequent loss of EVs. With the 
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diverse cargo of EVs offering a multiplexed approach for biomarker analysis, the 

integrated capabilities of the AIMSPec-LoC not only reduce the overall processing time 

but also yield the real-time analysis of multiple EV subtypes, enabling the 

discrimination of multiple EV markers and their cargos whilst also providing a 

comprehensive view of their underpinning biochemical characteristics, in a single run. 

It is worth noting the sample volume, which can be separated via AIMSPec-LoC for 

downstream analysis, is dependent on the size and length of the capillary channels 

serving to pull the biofluid through the system. When the channels and end collection 

wells are full, the flow ceases. At present, the design accommodates up to 1.5mL of 

sample at a time. Scaling up the overall size of the LoC or increasing the length of the 

capillary flow channels, would further enhance the overall ability of the LoC to efficiently 

separate larger volumes of biofluid sample. Furthermore, while the AUC is an important 

evaluation performance parameter to distinguish between classes, thorough 

assessment of other evaluation metrics including sensitivity, specificity, PPV and NPV 

are required to provide a comprehensive view of the system performance. With the 

methodology excelling across these metrics, achieving overall >96% sensitivity and 

specificity, reaffirms the effectiveness of the approach in rapidly detecting disease 

indicative biomarkers from a range of biofluids.  

  

With progressing advances in hand-held Raman spectrometers, their integration with 

LoC devices and EV analysis has further potential to revolutionise diagnostics, disease 

monitoring, response to therapeutics and identify biomarkers of disease, which in turn, 

will ultimately lead to improving patient outcomes and healthcare management. The 

generated barcoded datasets in the context of CVD and IBD detection via Raman 
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spectroscopy provides the means for multiplex sample analysis, performing molecular 

profiling, organising and integrating data whilst leveraging machine learning 

classification. These collectively contribute to more efficient, comprehensive, and 

accurate detection, enhancing our understanding of the disease and potentially 

improving patient outcomes. The fast and efficient nature of the LoC also allows for 

real-time analysis, enabling continuous disease monitoring leading to potentially more 

effective and tailored treatment plans. The utilization of EVs as biomarkers, coupled 

with RS, offers a promising avenue for non-invasive and sensitive detection of 

diseases (e.g., CVD/IBD), reducing patient discomfort and risks associated with 

traditional tissue biopsy. It can also provide real-time information about disease 

progression and treatment response, allowing for dynamic monitoring of patient’s 

health. This study, therefore, holds significant implications for enhancing clinical 

decision making and paving the way for personalised medicine in the field of 

cardiovascular and bowel disease medicine and beyond.   

 

This work overall marks an important proof-of-concept laying the groundwork towards 

the development of in-vivo clinical measurements via portable AIMSpec-LoC device 

for CVDs and IBDs. The acquired spectral data is rapidly and accurately classified 

using our artificial neural networks algorithm, SKiNET as a decision support tool for 

easy readouts for clinicians. Measuring abnormal changes in specific EV biomarkers 

would be indicative of CVDs or IBDs, providing a quantitative assessment at the 

earliest stages whilst simultaneously helping to quantify the damage. It would be 

interpreted by clinicians as an indication to treat the patients according to guidance 

without delay and help in initiating preventive treatments at an earlier stage, thereby 
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reducing the risk of avoidable mortality. In the long-term, this versatile platform 

enhancing the diagnostic utility of EVs will be extended to further applications e.g., 

early-recognition of other major diseases and timely interventions specifically targeting 

the identification of CVDs/IBDs in otherwise healthy individuals. demonstrated with the 

excellent capability of this versatile technology to easily adapt to different biomarkers, 

which may further open an untraveled path in the successful diagnosis, prognosis and 

monitoring of major, devastating diseases. 

 

7.5 Methods 

7.5.1 Clinical Samples  

Study participants were recruited through the Inflammatory Bowel disease and 

Cardiovascular Research Centres at Queen Elizabeth Hospital of Birmingham (UK) as 

part of the CASCADE and TRAFIC studies) (Ethics Ref. 19/SW/0010 and ERN_22-

0290). Written informed consents were received from participants or valid proxy (family 

or a professional not directly involved in the study) prior to inclusion in the study. The 

samples were obtained from a standard, widely accepted classification of the CVD or 

IBD based on clinical criteria i.e., full blood panels, as well as supported by in-hospital 

scans including electrocardiograms for CVD diagnosis and endoscopy with histological 

assessment for IBD. Patients were categorised into HV, CVD, IBD (to include UC and 

CD). All patients were gender and age matched to HVs. Patient demographics are 

shown in Tables 7.4 and 7.5. Blood samples from patients in each category were 

obtained at Queen Elizabeth Hospital, Birmingham. Once collected, blood samples 

were centrifuged initially at 2,000 x g for 20 minutes follow by a further centrifugation 
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cycle of 13,000 x g for 2 minutes. Extracted blood plasma was stored at -80°C until 

analysis. All samples were processed within two hours of venepuncture. 

 

7.5.2 Saliva Collection and Preparation 

Saliva was collected from 35 participants (10 ulcerative colitis, 11 Crohn’s Disease and 

14 healthy) (Table 7.4). IBD diagnosis was confirmed via current clinical practice, 

primarily endoscopy with histological assessment. All healthy volunteers had no 

previous health issues or known conditions. All participants were evaluated by the 

research team at Queen Elizabeth Hospital Birmingham, UK, who were instructed not 

to consume any food or drink 45 minutes prior to sample collection. 5mL of 

unstimulated saliva was collected from each participant in a 50mL conical tube 

(Thermo Fisher, UK) using the passive drool method. Raw saliva was stored at -80°C. 
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Table 7.4. Demographics Including Epidemiological and Clinical Parameters of IBD Patients. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

7.5.3 Blood Plasma Collection and Preparation  

Blood samples were collected from Queen Elizabeth Hospital Birmingham and 

University of Birmingham, UK from 40 participants (Table 7.5). Among them, 20 were 

clinically diagnosed with CVD confirmed via current clinical practices and the remaining 

20 participants were healthy with no known health issues or conditions. Blood plasma 

Characteristic  IBD (n=21) Healthy (n=24) 
Age (median, std, yrs) 43.7 ± 14.9 39.2 ± 7.4 
Sex   
Female 14 13 
Male 11 12 
   
Disease duration (years) 72.6 ± 8.8 - 
UC patients 10 (48.5%) - 
UC Montreal disease extension   
Proctosigmoiditis 7 (43.7%) - 
Left colitis 1 (6.25%) - 
Pancolitis 4 (25%) - 
CD patients 11 (51.5%) - 
CD Montreal disease localisation   
Ileal 3 (29.4%) - 
Colonic 2 (11.8%) - 
Ileocolonic 8 (47%) - 
Perianal disease 2 (11.8%) - 
CDAI - - 
pMAYO - - 
SES-CD > 2 - - 
Rutgeerts score ≥ 2 - - 
MES >1 
MES ≤1 
UCEIS ≤1 
UCEIS > 1 
PICASSO 

5 
3 
 
2 
6  

- 

Baseline anti-TNF-a therapy 6(18.1%) - 
Baseline AZA therapy 4(12.1%)  
Baseline Vedolizumab 3(9.09%)  
Baseline ustekinumab 5 (15.1%)  
Baseline tofacitinib 4(12.1%)  
Baseline mesalamine therapy 5 (15.1%)  
Baseline risankizumab 1 (3.03%)  
CRP (mg/L) 10.3 ± 9.8 - 
FC (μg/g) 298 ± 8.9 - 
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was separated from whole blood using a 2-step centrifugation process; initial centrifuge 

at 2,000xg for 20 minutes, followed by removal of supernatant and further centrifuge 

at 13,000 x g for 2 minutes. Plasma was then extracted and stored at -80°C. During 

the recruitment process, written informed consent was obtained from each participant. 

 

Table 7.5. Demographics comparing epidemiological and clinical parameters of CVD 

patients. 

 Control (n=20) CVD (n=20) 
 

Age (years) 48.5 ± 11.5 65.5 ± 23.5 
Sex (Male/Female) 28/12 49/11 
Systolic blood pressure (mmHg) 122 ± 8 135 ± 25 
Diastolic blood pressure (mmHg) 77 ± 9 84 ± 36 
BMI (kg/m2) 28.2 ± 4.2 34.3 ± 6.8 
Presentation (n)      STEMI 
                                 NSTEMI 
                                 Atrial 
Fibrillation 

- 
- 
- 

10 (50%) 
6 (30%) 
4 (20%) 

Medication (n)         Aspirin 
                                 Clopidogrel 
                                 Ticagrelor 

0 
0 
0 

18 (90%) 
10 (50%) 
14 (70%) 

 

7.5.4 Fabrication of the Nanoporous Membrane Chip  

All layers were fabricated using 3D resin printed micro moulds of high temperature 

resolution resistance resin (Siraya Tech, USA). Moulds were printed using a 

monochrome LCD/MSLA resin printer equipped with a 405nm light source (Elegoo 

Mars 3, China) and subsequently, thoroughly washed in isopropyl for 20 minutes, 

annealed at 120°C and finally, cured under an ultraviolet lamp (Elegoo, China) for 20 

minutes to prevent mould/PDMS interaction. PDMS (Dow corning, USA) was mixed in 

a ratio of 5:1 with curing agent Sylgard ™ 184 (Dow Corning, USA). Access holes of 

6-mm diameter were devised for the inlet and outlet chambers, respectively. Sterlitech 

polyethersulfone (PES) membrane filters of 25mm diameter with varying pore sizes 
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(5000, 500, 200, 100 and 40nm) were placed between the PDMS layers. PDMS layers 

were bonded through a combination of plasma for 10 minutes followed by hard baking 

at 120°C for 30 minutes.    

      

7.5.5 Lab-on-a-chip Device Design and Fabrication  

The designed microfluidic chip consisted of 5 layers of PDMS adhered to a glass slide. 

The top layer contained a well for the sample inlet, at the base of the well and between 

the top and middle layers a hydrophilic polyethersulfone nanoporous membrane with 

a pore size of 5000μm to filter out any cellular debris/food particles. Saliva dripped 

through the filter into the inlet of the next PDMS layer, moving down the microfluidic 

channel and into the sample collection area containing the PBS buffer. It subsequently, 

passed through a further filter membrane (500 nm) sandwiched between the two 

PDMS layers, where EVs of 5000-500 nm (large) were trapped and collected. Saliva 

continued to drip through a further three layers with pore sizes of 200, 100 and 40nm 

to collect and trap EVs in the size ranges of 500-200 nm (large), 200-100 (medium), 

40-100 (small). 40nm filter was used to trap proteins. Capillary channels were used to 

aid flow throughout the filtering process. Prior to sample injection, 1mL of PBS was 

injected into the inlet to pre-wet the filter membranes. Sample outlet was filled with 

100μL of PBS to aid capillary flow throughout the system. After 10minutes, inlet PBS 

was replaced with 100μL of sample. Separation was carried out at room temperature.  

 

7.5.6 Nanoparticle Tracking Analysis 

 NTA NanoSight NS300 (Malvern, UK) was used to measure the size distribution and 

concentration of the collected EVs. Blood plasma samples were diluted with pre-filtered 
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PBS in a 1:5 ratio with saliva diluted 1:10 in line with recommended particle 

concentration per frame (20-100 particles/frame). For each measurement five 60s 

videos were captured. After capture, NanoSight software NTA 3.1 (Malvern, UK) was 

used to analyse video segments for each EV measurement with a detection threshold 

of 6. 

 

7.5.7 Dynamic Light Scattering  

DLS measurements were performed using the Malvern Panalytical Zetasizer HPPS 

equipped with a 633-nm He-Ne laser. Low volume quartz cuvettes were used for 

analysis of 15μL of samples. All measurements were carried out at a fixed position with 

an automatic attenuator and at a controlled temperature of 25°C. 5 measurements 

were averaged for each EV sample. 

 

7.5.8 Fluorescence Microscopy  

Particles were analysed using Zeiss LSM780 microscope equipped with excitation 

wavelengths of 405, 488 and 514 nm to visualise different coloured nanoparticles and 

x10/x50/x100 objective lens. All images were processed using open-source ImageJ 

software. 

 

7.5.9 Scanning Electron Microscopy  

EVs were analysed on the filter membrane, in solution (PBS) and in fixed form. EVs 

were fixed on silicon wafers using 2.5% glutaraldehyde prepared in PBS for 30 

minutes. The sample was then sequentially dehydrated in an ascending sequence of 

ethanol. Samples were dried at room temperature prior to SEM observation. Several 
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randomly selected frames from each sample were captured for morphological 

assessment and scanning electron micrographs were acquired using a thermally 

assisted Field Emission Scanning Electron Microscope (FESEM, LEO VP 1530 and 

FEI Magellan and Helios) with a lateral resolution of 2-5nm. A LEO ULTRA 55 SEM 

instrument including a Schottky emitter (ZrO/W cathode) was also used for imaging 

the samples with a typical acceleration voltage of 2-5kV. 

 

7.5.10 Raman Spectroscopy  

Raman spectroscopy was performed directly on chip at each filter membrane. Raman 

spectra were acquired using a Renishaw InVia Qontor confocal Raman microscope 

equipped with a microscope Leica DMLM (Renishaw PLC, UK). 785nm excitation laser 

was used in the analysis and laser light was focussed using x50 objective. Output 

power at the sample was 5mW. All Raman spectra were acquired in the main 

fingerprint region of 700-1700cm-1. Map scans were obtained over a 50x50μm2 areas 

for each sample using a 5μm step size between map points, 10 accumulations of 

1second acquisition per spectra. In summary, 1 map with 100 spectra were collected 

per sample for both saliva and plasma and used for data processing and analysis. All 

Raman data was acquired using WiRE 5.1 (Renishaw PLC, UK) also applied for the 

polynomial background subtraction and removal of the cosmic rays. Spectra were 

normalised using the standard normal variate (SNV) using Python (Python 3.7). Signal-

to-noise ratio was improved using 10 averaged spectra at each map location.  

 

 

 



 

 293 

Chapter 7 
7.5.11 SKiNET Classification  

Multivariate Analysis was performed using the SKiNET, alongside the Raman Toolkit 

web interface to build the SOM models. Data sets were grouped and split into test and 

training data (20:80). 10-fold cross validation was performed on the training data with 

optimisation of grid-size, initial learning rate and number of training steps. The end 

model used to classify the test data consisted of a 10 x 10 grid of neurons, 46,080 

training steps (4 epochs of the data) and an initial learning rate of 0.1.  Python was 

used to complete multi-chemical barcoding of data. Savitzky-Golay filter was applied 

to calculate the second derivative of each spectrum. Smoothing window was set to 21 

with a polynomial order of 2. Maximum peak heights with absolute values over 40% 

were assigned a value of 1 with values below 40% assigned a value of 0. Values were 

overlaid on the averaged spectra with reference to the main peaks of interest identified, 

thus creating the barcode. 

 

7.5.12 Statistical Analysis  

Spectral data collected was analysed using IBM SPSS Statistics (IBM Corp., USA). 

Descriptive statistics, including means, standard deviation and range were calculated 

to summarise demographic characteristics of the study participants. Statistical 

significance of the difference between two sets of data was assessed using the 

Wilcoxon rank sum/Mann-Whitney U test. The significance level for all statistical tests 

was set at 0.05. A p-value <0.05 was considered statistically significant. Comparisons 

across groups at each time and within groups over time were performed by the analysis 

of variance and Tukey's post hoc test on transformed data.  
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7.5.13 ROC Curves and Box Plots  

ROC curves were generated based on patient profiling data for various cut-off points 

using non-parametric Mann-Whitney U and Kruskal Wallis tests, executed with SPSS 

statistics software. Each point on the ROC curve represented a sensitivity/specificity 

pair corresponding to a specific decision threshold, standard equations were used to 

calculate diagnostic values such as sensitivity, specificity, and accuracy. An ROC 

curve for a test with perfect discrimination (no overlap in the two distributions) passed 

the upper left corner (100% sensitivity, 100% specificity). The closer the ROC curve 

approached the upper left corner, the higher the overall accuracy of the test. Box plots 

were created using Origin Pro software, employing an x-y chart for each series to 

represent interquartile ranges and accommodate data with negative values. The 

median was denoted by a circle marker, and horizontal markers represented Q1 and 

Q3 without the need to shift the data. Two-sided normal-based 95% CIs t-test was used 

to compare mean levels between the patient groups and healthy volunteers control 

group. Classification sensitivity, accuracy, and specificity were determined based on 

disease detection results: Sensitivity=(TP)/(TP+FN), Specificity=(TN)/(TN+FP) and the 

Accuracy= (TP+TN)/(TP+TN+FN+FP) with TP being ‘true positive’, TN ‘true negative’, 

FP and FN ‘false positive’ and ‘false negative’, respectively. 
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Chapter 8 
 
 8.1 Summary 
 
This thesis presents a multifaceted exploration of the application of Raman 

spectroscopy in advancing healthcare diagnostics across two distinct domains – IBD 

and CVD. Furthermore, it bridges the gap between bench and bedside by incorporating 

the development of a lab-on-a-chip platform for the isolation of EVs as potential 

biomarkers for these diseases.  

 

The foundational chapters provide an extensive review of RS principles, emphasising 

its molecular specificity, non-invasive nature, and potential diagnostic utility. 

Subsequent Chapters 3-6 detail the application of RS in elucidating molecular 

signatures associated with CVD and IBD. Through meticulous analysis, we uncover 

distinct Raman biomarkers that exhibit promise in early disease detection and 

characterisation in the form of lipids for CVD and cytokines for IBD. Additionally 

introduced, is a comparative analysis with mass spectrometry, showcasing how RS 

stands as a viable alternative with its advantages in speed, simplicity, and 

compatibility. 

 

The highly innovative aspect of this thesis lies in the integration of RS with an LoC 

platform outlined in Chapter 7. The LoC is designed for the combined on-chip isolation 

and downstream analysis of EVs, nano vesicles released by cells that carry molecular 

cargoes reflective of the cellular environment. Key design elements including stepwise 

isolation of EVs lead the way for the isolation of multiple populations of EVs ranging in 

size from 40 – 5000 nm.  Leveraging RS on EVs, we showcase its potential as a non-

invasive tool for disease diagnostics and monitoring. The LoC, a promising technology 
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for streamlined EV isolation, is poised to overcome current limitations such as 

scalability and standardisation, and practical implementation in routine clinical settings. 

The research not only identifies these challenges but proposes strategic avenues for 

refinement, aiming to make the LoC technology a robust and reliable tool for point-of-

care diagnostics. The thesis also addresses the clinical translation of these findings. 

The development of the LoC technology holds immense promise for the routine 

diagnostics, offering a rapid and cost-effective method for EV isolation. Challenges 

such as standardisation and scalability are acknowledged, prompting future research 

directions aimed at optimising and validating this innovative platform. 

 

The broader significance of this work lies in its contribution to the evolution of 

diagnostic methodologies for CVD and IBD. By integrating RS with cutting-edge 

microfluidic technologies and artificial intelligence, we move closer to realising 

personalised and non-invasive diagnostic approaches. In contemplating the clinical 

translation of these technologies, the thesis lays the groundwork for continued 

interdisciplinary research, fostering collaboration between researchers, engineers, and 

clinicians to propel these innovations towards clinical implementation with their 

seamless introduction into the fabric of modern healthcare, thus transforming the 

landscape of disease diagnosis and monitoring.  

 

8.2 Future Outlook 

The promising outcomes of this thesis pave the way for a multitude of avenues for 

future research, bridging the fields of RS and healthcare, with several initiatives 

proposed to enhance the impact and applicability of the developed methodologies. 
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Firstly, it will be necessary to undertake meticulous large-scale clinical validation 

studies with an emphasis on diverse patient cohorts, considering factors such as age, 

gender, and comorbidities. This will include the development of an internal reference 

system, such as a specific molecular marker, to serve as a constant benchmark, 

allowing for real-time calibration adjustments and normalisation. Our preliminary work 

looked to investigate such specific biomarkers of interest, however while the 

connection between specific chemical bonds and their corresponding spectra is well 

understood, interpreting the biological implications of such changes in the abundance 

or reduction of certain molecules can be more complex and may only sometimes have 

a straightforward interpretation. Here, comparison with diagnostic modalities will be 

essential to cement biomarkers, such as our identified cytokines and lipids as internal 

references. Collaboration with clinical experts to collect parallel datasets using 

traditional diagnostic methods, such as histopathology and close comparison with 

Raman-based outcomes will be central to clinical validation of our technologies and 

positioning them within the existing diagnostic landscape. 

 

In the pursuit of advancing diagnostic capabilities, the integration of RS with other 

imaging modalities represents a paradigm shift towards a multimodal approach. By 

initiating research ventures into the integration of RS with other high-resolution imaging 

modalities such as mass spectrometry or advanced magnetic resonance imaging, such 

an approach could offer a more holistic diagnostic platform, capturing a spectrum of 

molecular information for a nuanced understanding of disease. For example, mass 

spectrometry excels in the identification and characterisation of complex mixtures and 

the trace detection of compounds. Although the introduction of SERS methodologies 
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has made this possible with RS, SERS-active substrates are expensive and achieving 

high reproducibility, especially in the laboratory setting can be challenging. 

 

A further area of focus should be on patient stratification and personalised medicine. 

By propelling the research into the realm of precision medicine via conducting in-depth 

investigations into the utility of identified biomarkers of disease for patient stratification, 

it allows the exploration of correlations with genotypic variations, patient responses to 

treatment, as well as long term outcomes thus, setting the stage for personalised 

therapeutic interventions. 

 

In addition, efforts should be focussed on the refinement of the LoC platform, delving 

into the microfluidic engineering approach to enhance EV isolation efficiency and 

explore the frontiers of automation and miniaturisation, aiming not just for point-of-care 

applications but for a revolutionary shift in how we approach extracellular vesicle 

analysis in the clinical setting. Microfluidic 3D printing as adopted in our approach 

allows design flexibility, rapid prototyping, customisation, integration of multiple layers 

and low setup costs, however compared to traditional lithography methods 3D 

microfluidic printing is associated with a more limited range of materials. For example, 

further adaption of the presently designed LoC may in the future include an enclosed 

system to ensure sample containment and prevent exposure to the end user. 

 

The integration of RS into clinical laboratories for healthcare applications is an exciting 

area with considerable potential, however future work in this field should also focus on 
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addressing the following key aspects to facilitate its translation into routine clinical 

practice: 

• Standardisation - Establishing standardized protocols and validation 

procedures is crucial for ensuring the reliability and reproducibility of Raman 

spectroscopy results across different laboratories and instruments. Developing 

consensus guidelines and participating in collaborative validation studies will 

contribute to building a robust foundation for clinical use. 

• Automation and high-throughput platforms - Developing automated and high-

throughput Raman spectroscopy platforms is critical for handling the demands of 

clinical laboratories. Automation can improve efficiency, reduce operator variability, 

and make the technology more amenable to routine diagnostic workflows. 

• Biological tissue imaging - Enhancing the capabilities of Raman spectroscopy 

for in vivo and ex vivo imaging of biological tissues can open new avenues for non-

invasive diagnostics and surgical guidance. Improving the depth of penetration and 

spatial resolution is essential for accurate tissue characterisation. 

• Instrument miniaturisation - Miniaturising Raman spectroscopy instruments can 

contribute to the development of handheld or portable devices suitable for point-of-

care applications. Smaller, more user-friendly instruments may facilitate broader 

adoption in diverse clinical settings. 

 

Collaborative efforts among researchers, clinicians, engineers, and regulatory bodies 

are pivotal for advancing RS in healthcare. By addressing these challenges and 

opportunities, RS has the potential to become a valuable tool for non-invasive 

diagnostics, disease monitoring, and personalised medicine in the clinical setting. 
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Figure SA.1. Importance of saliva methods in collection, storage, pre-treatment measures, Raman 
measurement protocols and chemometrics/data analysis to application areas. Further details on different 
Raman-saliva methodologies are summarised in Ref. (1). 
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Table SA.1. Raman saliva studies published per year, separated by category from 1990-2021. 

(DO: Dentistry, HC: Healthcare, ID: Illicit Drugs, F: Forensics and O: Other).  
 

DO HC ID F O 

1990 0 0 0 0 0 

1991 0 0 0 0 0 

1992 0 0 0 0 0 

1993 0 0 0 0 0 

1994 0 0 0 0 0 

1995 0 0 0 0 0 

1996 0 0 0 0 0 

1997 0 0 0 0 0 

1998 0 0 0 0 0 

1999 1 0 0 0 0 

2000 0 0 0 0 0 

2001 0 0 0 0 0 

2002 0 0 0 0 0 

2003 0 0 0 0 0 

2004 0 0 0 0 0 

2005 0 2 0 0 0 

2006 0 0 0 0 0 

2007 0 1 0 0 0 

2008 1 1 0 1 1 

2009 1 1 1 0 0 

2010 1 1 1 2 1 

2011 1 0 2 0 0 

2012 1 2 0 0 0 

2013 2 2 1 0 0 

2014 6 5 0 0 0 

2015 1 3 2 0 0 

2016 3 6 0 2 0 

2017 2 6 0 0 0 

2018 7 9 4 0 0 

2019 6 9 4 0 0 

2020 1 6 2 1 0 

2021 0 1 0 0 0 

TOTAL 34 55 17 6 2 
    

TOTAL 114 

 
Table SA.2. Raman saliva cumulative studies by year and category 1999-2021.  

Author Year Category 

Paluszkiewicz 2009 DO 

Cândido 2019 DO 
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Daood 2015 DO 

Silva Soares 2016 DO 

Toledano 2014 DO 

Daood 2018 DO 

Musa Trolic 2019 DO 

Wachesk 2016 DO 

Wang  2014 DO 

Wang  2014 DO 

Wei 2010 DO 

Zaharia 2014 DO 

Zaharia 2017 DO 

Hussein 2018 DO 

Zhang 2018 DO 

Zhang 2019 DO 

Daood 2019 DO 

da Silva 2008 DO 

Fawzy 2019 DO 

Hua 2020 DO 

Iafisco 2018 DO 

Li 1999 DO 

Osorio 2014 DO 

Osorio 2014 DO 

Osorio 2018 DO 

Silveira 2018 DO 

Soares 2013 DO 

Gonchukov 2013 DO 

Gonchukov 2012 DO 

Veys-Renaux 2016 DO 

Condò 2017 DO 

Passos 2018 DO 

Hernández-Cedillo 2019 DO 

Braga 2011 DO 

Lawanstiend 2018 HC 

Altuntas 2018 HC 

Zhou 2019 HC 

Kah 2007 HC 

Malkovskiy 2019 HC 

Maitra 2020 HC 

Colceriu-Şimon 2019 HC 

Feng 2015 HC 

Li 2012 HC 

Qian 2018 HC 

Ralbovsky 2019 HC 
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Zermeño-Nava 2018 HC 

Farquharson 2008 HC 

Farquharson 2005 HC 

Lin 2017 HC 

Qiu 2016 HC 

Eom 2019 HC 

Li 2012 HC 

Hernandez-Arteaga 2017 HC 

Hernandez-Arteaga 2019 HC 

Stefancu 2019 HC 

Yan 2009 HC 

Rekha 2016 HC 

Žukovskaja 2017 HC 

Brindha 2016 HC 

Hou 2017 HC 

Taniguchi 2013 HC 

Feng 2014 HC 

Zamora-Mendoza 2019 HC 

Wu 2016 HC 

Cao 2015 HC 

Chen 2014 HC 

Chen 2018 HC 

Connolly 2016 HC 

Falamas 2020 HC 

Lin 2018 HC 

Al-Ogaidi 2014 HC 

Wang  2010 HC 

Lotfi 2018 HC 

Desai 2020 HC 

Carlomagno 2020 HC 

Wu 2014 HC 

Yang 2018 HC 

Othmana 2017 HC 

Othman 2018 HC 

Othman 2016 HC 

Othmanb 2017 HC 

Hole 2020 HC 

Moisou 2020 HC 

Zhang 2019 HC 

Velička 2021 HC 

Farquharson 2005 HC 

Zheng 2015 HC 

Liu 2014 HC 
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Radzol 2013 HC 

Deriu 2019 ID 

Salemmilani 2018 ID 

Inscore 2011 ID 

D'Elia  2018 ID 

Qu 2010 ID 

Dana 2015 ID 

Farquharson 2011 ID 

Anyu 2009 ID 

Yang 2015 ID 

Andreou 2013 ID 

Sivashanmugan_1 

(Tetrahydrocannabinol sensing) 

2019 ID 

Dies 2018 ID 

Li 2020 ID 

Sivashanmugan_2 (Trace 

detection) 

2019 ID 

Su 2019 ID 

Mohammadi 2018 ID 

Hong 2020 ID 

Virkler 2010 F 

Sikirzhytski 2010 F 

Muro_1 (Forensic) 2016 F 

Muro_2 (Sex Disc) 2016 F 

Virkler  2008 F 

Al-Hetlani 2020 F 

Yuen 2010 O 

Yuen 2008 O 

Total 114 
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Figure SA.2. Stacked bar plot of the variation in sample size between different research papers. In 
orange, the number of unhealthy samples and the number of healthy samples in blue. 
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Figure SA.3. List of biomolecules present in saliva from cancerous patients with respective 
whisker plots for different Raman peak regions. Red is related to protein molecules, green 
nucleic acid, magenta sugars and blue lipids. When the peak assignment is singular a stripe 
represents the symbol-complemented with Table SA.3. 
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Table SA.3. Raman biomolecule information from cancerous patient saliva. 
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Table SB.1. Representative Raman peaks and corresponding assignments summarised from the RS IBD 
studies. 
 
Peak / cm-1 Assignment  Reference 

387 Uric acid (69) 
425 (δ(CCC) skeletal backbone) (65) 
492 Uric acid (69) 
500-1500 Region of interest for organic molecules (69) 
504 Disulphide bridges in proteins (9) 
523 V(S-S) (67) 
543 Cholesterol (46) 
559 Nucleic acids (46) 
591 Serine (46) 
602 DNA (37) 
606 Cholesterol (46) 
610 (ρ(CH) wagging in proteins) (65) 
627 Carbohydrates (9) 
646 Protein (37) 
685 DNA (37) 
695 Tyrosine  (69) 
720 Phosphatidylcholine (67,68),  
743 Heme (13) 
750 Tryptophan, DNA (68) 
757/759/760 Tryptophan -ring breathing vibration (66), (67), (9,46) 
766 Proteins (37) 
781 DNA (37) 
813 ι-Serine and glutathione (46) 
815 Proteins, DNA (37) 
828 DNA (phosphate groups) (9) 
830-850 Tyrosine doublet (protein) (67), (68) 
873 (ρ(CH2) in proteins) (65)  
875 Protein and lipids (68) 
875, 877 Phosphatidylcholine (68) 
922 Tricaprylin (69) 
940 Protein Backbone (9) 
960 Cholesterol (37) 
1002/1003 Phenylalanine, carotenoids (66), (67), (13), (68), 

(62)(37) 
1045 Proline (69) 
1068, 1128 Backbone of lipid, protein, and carbohydrate, Trans C-C Stretching (68) 
1080 (υ(C-C) of lipids), DNA & phospholipids (65), (68)  
1086 Backbone of lipid, protein, and carbohydrate (68) 
1087 Hypoxanthine (69) 
1110 C-C vibration mode of the gauche-bonded chain (46) 
1124 Lipids (69) 
1125 Myoglobin (Heme core), phospholipids, proteins (62) 
1160 (β-carotene) (65) 
1153 V(C-N), β-carotene, terpene (67), (69) 
1155 Carotenoids (62), (9) 
1160 (β-carotene) (65) 
1170 Protein (37) 
1199 Tryptophan (69), (9) 
1201-1209 Proteins at Amide III and CH2 wagging vibrations (37) 
1125 Myoglobin (heme core), phospholipids, proteins (62) 
1230-1285 Protein/Amide III (68), (9) 
1244 Amide III, β-sheet (62) 
1245 Heme/Amide III (13) 
1250-1750 Composite Band (67) 
1250 Protein backbone (9) 
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1252 Amide III (Constituent of heme) (66) 
1257 Amide III (69) 
1265 (v(C-N) of Amide III) (67) 
1270 Lipids (68) 
1280 Protein Amide III (46) 
1284 Hypoxanthine (69) 
1290 DNA (37) 
1298 CH2 bending of lipids and proteins  (46) 
1300 (δ(CH2) deformation of proteins and lipids (65) 
1303 Total Lipids (67), (68) 
1304 Phospholipids (66) 
1305 CH2-twisting (13) 
1307 Phospholipids, lipids, adenine, myoglobin (heme core) (62) 
1323 Lipids (46) 
1340 DNA (37) 
1342 Protein (68) 
1352 Nucleic acids (46) 
1359 Proteins (37) 
1361/62 DNA (37) 
1368 tryptophan, guanine, thymine, myoglobin (heme core) (62) 
1372 Lipid (65) 
1395 Myoglobin (heme core), Uracil (62) 
1397 Creatine (69) 
1412 Plasmatic lipids (9) 
1416 V(C-O)s of COO- groups (67) 
1440 Shoulder(δ(CH2) deformation of proteins and lipids), phospholipids, 

lipids, collagen 
(37,62,65) 

1447 Lipid and protein (68) 
1450 CH2-deformation (13) 
1468 δ(CH2) (67) 
1472 CH2 bending of lipids and proteins  (46) 
1485-87 DNA (37) 
1518 Carotenoids (62) 
1520 β-carotene, terpene (69) 
1523/25 (β-carotene) (65), (9) 
1548 Amide II (67) 
1549 Deoxy-Myoglobin (Heme core) (62) 
1580 Heme (13) 
1585 Phenylalanine, hydroxyproline, oxy-Myoglobin (heme core) (62) 
1600-1700 Protein (68) 
1617 Intermolecular β-sheet, strong hydrogen bonds (indicative of protein 

aggregates) 
(67) 

1620-1680 Amide I band (37) 
1622 C=C stretching mode of tyrosine and tryptophan (46) 
1634 Antiparallel β-sheet (67) 
1640-1654 α-helix structures (67) 
1640 Protein Backbone (9) 
1641 Oxy-Myoglobin (heme core) (62) 
1643 C=C stretching mode of lipids and the protein amide I  (46) 
1650 Amide I (67) 
1655 Lipid/Amide I (68), (9) 
1657 C=C stretching in lipids (66) 
1658 (v(C = O)), Amide I and lipids (65) 
1660 Amide I, C=C stretching (13) 
1663 Disordered secondary structures (in proteins) (67) 
1690 Amide I - β-sheet (62) 
1694 Antiparallel β-sheet (67) 
1699 Proteins (37) 
1702 Amino acids aspartic and glutamic acid (69) 
1709 Phospholipids, triglycerides (62) 
1735 Lipid (68) 
1741 (v(C = O) in lipids) (65) 
2762 Phospholipids (62) 
2854 Lipids (62) 
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2892 Lipids, proteins (62) 
2936 Lipids, proteins (62) 
2969 Lipids, proteins (62) 
2800-3200 CH stretching intensities (37,63) 
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Spectroscopic Molecular-Fingerprint Profiling of Saliva 
 

-Supporting Information- 
 

Emma Buchan1, Liam Kelleher1, Michael Clancy1, Jonathan James Stanley Rickard2 and Pola Goldberg 
Oppenheimer1, 3, * 

 
SC.1 Input Spectra 
 
The 100 spectra measured across each sample were grouped according to class 

(summarized in Table SC.1). 20 % of the data was randomly selected from each group 

and reserved as test data, leaving the remaining 80 % for training (Table SC.2). 

Analysis of the training data was performed using SKiNET [39, 41], by randomly 

passing samples from the training data into the SOM over a number of iterations. 

SKiNET models were optimized by performing 10-fold cross validation on the training 

data, and tuning the number of neurons, initial learning rate and number of training 

steps. The final model used a 5x5grid of neurons (for age), 30625 training steps (5 

epochs of the data), with an initial learning rate of 0.2. The initial neighbourhood size 

was maintained at 2/3 the edge length of the grid and cosine similarity used as the 

distance metric to determine the best matching unit. Finally, the optimized model was 

used to classify the previously unused test data, to give an indicator of the classification 

performance. Classification using the test data were repeated 10 times from separate 

SOM initializations and an average of the results output as a confusion matrix.  

An illustration of the workflow is shown in Fig. SC.1. Studies assessing the suitability 

of Raman spectroscopy as a potential physiological monitoring tool are shown in Fig. 

SC.2. Spectroscopic Raman molecular fingerprint of fasting status (Fig. 2C.a) and time 

of day (Fig. 4.2b) are illustrated.   
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Gender Age Group Spectra per 
Sample 

Participants Total 

Male 20-25 100 22 2200 
31-55 100 6 600 
56+ 100 4 400 

Female 20-25 100 16 1600 
31-55 100 11 1100 
56+ 100 11 1100 

Total    7,000 
 
Table SC.1. Summary of spectra used as inputs for multivariate analysis across the 
three age groups.  
 
 
Age Group Total Training 

Data 
Test Data 

20-25 2200 1760 440 
31-55 600 480 120 
56+ 400 320 80 
20-25 1600 1280 320 
31-55 1100 880 220 
56+ 1100 880 220 
Total 7,000 5,600 1,400 

 

Table SC.2. Breakdown of data across each class and split into training and test data 
sets. 

 

 
Figure SC.1. Illustration of data analysis workflow for saliva samples using SKiNET. Spectra measured 
from Raman maps (a) are grouped according to class or group studied. (b). A 20% partition of the data 
is randomly selected and reserved as test data (c). The remaining 80% is input into SKiNET, which 
directly provides dimensionality reduction (SOM), self-organising map discriminant index (SOMDI) 
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feature extraction and classification (d). SKiNET is optimized on the training data using cross validation 
and adjusting the available parameters (number of neurons, initial learning rate and number of training 
steps) to maximize the classification accuracy on the training data. Finally, the optimized model is shown 
the previously unused test data and asked to classify each spectrum as either male, female or the 
various age sub-groups. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
The established process was further applied in the spectroscopic molecular-fingerprint 

profiling of saliva in the morning versus the evening and before and after eating food. 

Fresh saliva samples from 3 female participants aged 26±2 years were analysed using 

our recently developed neural network SKiNET algorithm. The derived weight vectors 

characteristic to each class are shown in Fig.SC.2a-b. 

 

The most prominent spectral features of the saliva analysed before and after food are 

found at 912, 964, 1003, 1040, 1090, 1160, 1193, 1240, 1305 and 1340 cm-1. Spectral 

differences of saliva pre- (black) and post- (red) eating are found to vary significantly. 

The accompanying SOMDI score indicates that in all but one region (amide III band) it 

a 

b 

Figure SC.2. SOM (left) and SOMDI (right) of (a) saliva before and after food and (b) morning 
versus evening saliva, successfully classifying the saliva samples according to class with an 
accuracy of 90±0.2% and 77.5±1.1%, respectively.  
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is the intensity changes within the saliva rather than the peak shift that contribute to 

the spectral differences.  After eating there was an increased response at 912, 968, 

1001 and 1040 cm-1 with an additional peak observed at 1305 cm-1. Prior to eating 

increased responses were observed at 1090, 1240 and 1340 cm-1.  These spectral 

changes were largely attributed to proteins, lipids and amino acids. 

 

The peak at 964 cm-1, attributed to calcium-phosphate stretching band (cholesterol), is 

increased post intake of food. Although it is recognised that eating has only slight 

effects on three parts of the lipid profile, food does raise levels of triglyceride for several 

hours. Eating a high fat meal would increase these levels further [1]. Edwards et al. 

observed in their study that the overall rates of cholesterol synthesis in the liver during 

the regular circadian rhythm are due to the effects of eating [2].  The 1003 cm-1 peak 

is assigned to phenylalanine, with an increased response observed after food 

ingestion.  A study by Biolo et al. looking at phenylalanine kinetics during meal 

ingestion, identified that phenylalanine levels of individuals increased during the 

administration of a mixed meal [3]. 

 

A further peak at 1160 cm-1 was assigned to lipids, 1040 cm-1 was glucose, with 1190 

cm-1 assigned to carotene. As expected, glucose was identified with an increased 

intensity post food ingestion.  As with any healthy individual blood glucose levels begin 

to rise whilst eating. Insulin then acts with it taking approximately 2 hours post food 

ingestion to return blood glucose levels to pre-meal status [4]. Carotene levels have 

also been shown to increase after ingestion of specific foods. A study by Micozzi et al. 

investigating the plasma carotenoid response to chronic intake of foods and β-carotene 
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supplements indicated that both α- and β- carotene increased in response to ingestion 

of foods such as carrots, broccoli and tomato juice [5]. Spectral changes observed at 

1240, 1305 and 1340 cm-1 were attributed to changes in the amide III region. Prior to 

food there was a peak shift of 30 cm-1 when compared to post food intake.  

 

Likewise, when analysing the Raman spectra of saliva in the morning (black) versus 

the evening (red), significant differences were observed.  The most prominent spectral 

features are found at 892, 912, 964, 1040, 1090, 1116, 1160, 1194, 1240, 1300, 1337, 

1372 and 1473 cm-1. The SOMDI score also indicate it is again the intensity changes 

as opposed to Raman peak shift that is responsible for the observed spectral 

differences. Morning salivary spectra was distinct from evening spectra with increased 

responses at 892, 912, 964, 1040, 1116, 1300, 1337 and 1473 cm-1. An additional 

peak at 1194 cm-1 was also identified.  The evening spectra, however, has an 

increased response at 1090, 1160, 1240 and 1372 cm-1. The majority of peaks were 

assigned to proteins, lipids and amino acids. 

 

The morning Raman spectra indicated an additional peak at 1194 cm-1. This peak is 

typical in the Raman spectra of cortisol. Cortisol, the stress hormone, has a powerful 

influence on sleeping and waking in the body. Sleeping and waking typically follow a 

circadian rhythm, with cortisol production also following a similar circadian rhythm. 

Levels of cortisol drop to their lowest at midnight with the cortisol peak an hour after 

waking [6]. In the majority of Raman saliva work the authors opted to avoid the cortisol 

peak in the morning and therefore, obtain saliva samples in the afternoon. Cortisol has 

a strong influence on the salivary spectra as evidenced in Fig. 2b, and with 15 to 18 
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smaller pulses of cortisol known to be released throughout the day and night, with 

some of the pulses corresponding to shifts in the sleep cycle, Raman analysis of 

cortisol has the potential to act as a tool to monitor the sleep cycle. 

 

Peaks at 1116 and 1300 cm-1 were attributed to lipids, 964 cm-1 was assigned to 

calcium stretching band (cholesterol), 1040 cm-1 was glucose, and 1473 cm-1 was 

triglycerides. Versteeg et al. carried out a study monitoring the effects of morning light 

on glucose and triglyceride levels, they observed that ambient light affects plasma 

glucose and triglyceride levels. Both glucose and triglyceride peaks were observed at 

an increased intensity in the Raman spectral analysis of morning saliva, in agreement 

with the findings published by Versteeg et al. [7].  

 

Peak at 1194 cm-1 was attributed to tyrosine. This peak was identified in the morning 

but not in the evening salivary spectra. A study by Fernstrom et al. indicated that as 

the protein content of the diet was increased throughout the day, the concentration of 

tryptophan, tyrosine and phenylalanine decreased [8]. After an evening meal protein 

levels are typically at their highest levels therefore tyrosine, tryptophan and 

phenylalanine levels would be at their lowest, thus no tyrosine peak would likely be 

observed as was evidenced in the Raman salivary spectra of evening saliva.     

 

Further peak assignments were 1337 cm-1 as breathing modes of DNA, 1160 cm-1 as 

collagen and 1240 and 1372 cm-1 as amide III. 

Here, Raman spectroscopy has been established as a useful tool in the molecular 

profiling of saliva samples. Fasting status and sampling time (morning or evening) have 
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been enabled from the differences observed in their spectral fingerprints. Classification 

of each molecular spectroscopic profile was enhanced using SKiNET algorithm, 

providing classification accuracies of 90% for time-of-day studies and 77.5% for fasting 

status classification. These preliminary results indicate the possibility of Raman 

spectroscopy to act as a useful physiological monitoring tool.   
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Raman Scattered Spectroscopic Molecular Fingerprinting of Biomarkers for Inflammatory Bowel Disease  
 

Emma Buchan1, Jonathan James Stanley Rickard2 and Pola Goldberg Oppenheimer1,3, * 

 
 
 
 
Raman provides unique biomolecular spectral fingerprints of target analytes with rapid 

analytical response, enabling non-destructive, label-free, quantitative analysis of composition 

and structure with an inherently straightforward detection and no complex sample preparation, 

thus rendering itself as a powerful technique, which can be used to in-situ measure various 

biomarkers, yielding quantitative information about their concentration, highly-useful for 

monitoring disease progression and  response to treatments. The availability of portable 

instruments makes it particularly attractive for point-of-care detection. 

 

SD.1. Potential IBD Indicative Biomarkers Under Investigation  

Collection of biofluids, e.g., blood / urine, is a standard procedure in routine clinical practice and 

hence is ideal for a point-of-care or bedside setting. Biofluid derived biomarkers have many 

useful applications in healthcare including disease prevention and detection, determination of 

individual’s risk and disease monitoring [1-2]. Currently, however, there are no validated blood 

biomarkers to accurately and reliably predict IBD. The complexity of interactions between host 

factors and the dynamic fluctuation of the gut microbiota during IBD hinders the identification 

of consistent changes in microbial composition, and thus the universal biomarkers for disease 

prediction [3]. Hence a large proportion of patients with non-specific abdominal pain often 

undergo unnecessary painful endoscopy or colonoscopy to rule out IBD [4]. Whilst effective, 

these are invasive and painful, and thus less suitable for routine use for timely and rapid IBD 

diagnosis. Not only are these procedures invasive but also a confirmatory IBD diagnosis 

requires further clinical examinations, imaging, and pathological investigations, which can be 
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often inconclusive. A pool of diagnostic and/or prognostic biomarkers of IBD would thus, 

considerably reduce or eliminate the need for invasive or nonspecific procedures and greatly 

improve early-stage diagnosis, management, and therapeutic interventions for IBDs. The ability 

to determine the type, severity and patient response to therapeutics has long been a priority of 

clinical researchers. 

Although demonstrating correlation with IBD severity and holding potential diagnostic, 

prognostic and stratification value, biomarkers currently under investigation, are undetectable 

unless analysis is carried out in specialised laboratories. 

 

Potential IBD indicative biomarkers currently under investigation include C-reactive protein 

(CRP), faecal calprotectin, anti-Saccharomyces cerevisiae antibodies (ASCA), anti-neutrophil 

cytoplasmic antibodies (ANCA) and serum amyloid A [5-9]. Cytokines, proteins produced by 

immune cells, are also known to play an active role in inflammation, and thus are additional 

candidate biomarkers in IBD [10]. Idiopathic IBDs typically arise in clinically immunocompetent 

individuals with cytokine-driven inflammation of the gastrointestinal tract giving rise to the 

distinctive signs and symptoms in individuals [11]. CD is most often associated with increased 

levels of IL-12/IL-23 and IFN-γ/IL-17, whereas UC is associated with excess IL-13 production 

[12]. Research studying the pathogenesis of IBD suggests that IBD arises due to a 

dysfunctional interaction between the mucosal immune system and the bacterial microflora of 

the gastrointestinal (GI) tract, and thus cytokines are well known to play a key-role in controlling 

intestinal inflammation and the associated diseases [13]. Cytokine testing therefore has the 

potential to support the IBD diagnosis due to its low cost and lack of invasiveness, compared 

to routine IBD diagnostics. 
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While demonstrating correlation with IBD severity and holding potential diagnostic, prognostic 

and stratification value, these potential biomarkers are undetectable unless analysis is carried 

out in specialised laboratories, using enzyme-linked immunosorbent assay (ELISA), 

chemiluminescent assay, high performance liquid chromatography (HPLC) or mass 

spectrometry. Although reliable, these techniques have time-to-results in the range of days, 

require complex equipment and trained personnel and do not meet the need for detection of 

ultra-low levels of target analytes in complex biological samples using rapid and direct readouts. 

ELISAs are relatively cost-effective but, despite advancements, suffer from poor stability, not 

rapid enough, require expensive labels for each biomarker and result in unacceptable rates of 

false negatives and false positives [14]. 
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SD.2. Self-Optimising Kohonen Index Network (SKiNET) Algorithm  

The acquired data is classified using our new artificial neural network algorithm, self-optimising 

Kohonen index network (SKiNET) as a decision support tool, based on self-organising map 

(SOM) with a classification via the self-organising map discriminant index (SOMDI). 

 

Through inspection of key differences between neuron weights and class weight vectors, the 

algorithm enables identification of the key spectral changes. These allow the identification of 

the types of data a given neuron activates, which are then used to inspect the weights across 

all neurons and extract prominent features belonging to each class by finding the weights that 

contribute most to a particular class. The peaks in SOMDI subsequently correspond to cm-1 

and modes that contribute most to the clustering observed in the SOM. Training parameters 

used for the SOM include grid size, learning rate and optimal number of epochs and the 

separation of classes reveals the characteristic differences due to the classification of certain 

neurons. This enables a clear basis for differentiation via the characteristic weight vectors to 

be derived in SOMDI. 

 

Inspired by the visual cortex in the brain, SOMs are trained for the neighbouring neurons to 

activate according to similar inputs, in this case Raman spectra. Each neuron has a weight 

vector with length equal to the number of variables in a spectrum. Through exposing the 

network to training samples over a number of iterations, the weights are gradually adjusted to 

be similar to the input data, so that each neuron only activates on a given spectral signature. 

The result is a projection of hyperspectral data into 2D space, that can be shown as visible 

clustering according to sample / disease type and state. SKiNET inherently employs SOMDI, 

which appends a set of label vectors to each neuron and allows us to study the most prominent 
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features that cause the activation of a particular neuron to a class label. Subsequently, a 

supervised learning step is introduced to optimise the network, and the class label associated 

with each neuron used to quickly identify new data presented to the SOM, allowing for 

diagnostics. Raw component spectra from chosen candidate molecules are fitted to SOMDI for 

a particular state, constituting a physically realistic fit, as our Raman spectra represent a mixed 

state of positive contributions from constituent components. 

 

Our AI is based on SOMs with SKiNET as a framework for multivariate analysis that 

simultaneously provides (i) dimensionality reduction, (ii) feature extraction and (iii) 

multiclass classification (Fig.SD.1), where SKiNET performs visual separation to 

identify the underlying chemical differences between classes, providing accurate 

classification for simultaneously rich-information and high-classification specificity. 

SOMs provide visually intuitive 2D-clustering (according to disease / healthy etc. state) 

of high-dimensional data Raman spectra, that are otherwise difficult to interpret for 

large sample and measurement numbers. SKiNET incorporates supervised learning 

to additionally provide accurate classification, which could then be used to make 

diagnostic predictions. Whilst previous SOMs are usually an unsupervised method, our 

optimised SKiNET incorporates supervised learning to additionally provide accurate 

classification, which could then be used to make diagnostic predictions. Finally, a form 

of feature extraction (SOMDI) allows to understand which spectral features 

(=biochemical changes) are responsible for the clustering seen in SOMs. 
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When Raman spectroscopy combined with SKiNET is applied to investigate whether 

the identified biomarkers reflect the IBD, it distinguishes disease from a healthy control 

group, showing this to be because of similar chemical changes detected. 

  

This algorithm enables a clear separation of the data from the different tissue or biofluid 

classes arranged as SOM, trained on spectra from these classes. Neurons (hexagons) 

are coloured according to the modal class they activate, from the training set of Raman 

spectra. Neurons that have no majority class or activate none of the training data are 

shown in white. Coloured circles within each neuron represent spectra from the training 

data that have been activated for that neuron. To aid visualisation, circles are forced 

to not overlap in space using the D3force library, providing an alternative mechanism 

to display sample frequency and class overlap for each neuron. For each class, there 

is a clearly defined block of neurons, with many of these activating only a single tissue 

type. An approximately even distribution in the number of neurons required to identify 

each class is observed. The SOMDI provides a representation of weights associated 

with neurons that identify a particular class. A higher SOMDI intensity indicates a 

greater importance of particular inverse centimetres along the axis of a spectrum.  This, 

despite the level of overlap or noise in the original data, enables well defined peaks to 

be resolved, which are either more prominent or unique to each class. Automated 

classification of Raman spectra and assignment to a particular biomarker, tissue type 

or disease state is perhaps the most important step for the translation of Raman based 

diagnostic techniques to real world, clinical applications. 
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Figure SD.1. Illustration of data analysis pipeline using SKiNET. Spectra measured from Raman (a) of 

saliva or tissue are grouped according to class (b). A 20% partition of the data is randomly selected and 

reserved as test data (c). The remaining 80% is input into SKiNET, which directly provides 

dimensionality reduction (SOM), self-organising map discriminant index (SOMDI) feature extraction and 

classification (d). SKiNET is optimised on the training data using cross validation and adjusting the 

available parameters (number of neurons, initial learning rate and number of training steps) to maximise 

the classification accuracy on the training data. Finally, the optimised model is shown the previously 

unused test data and asked to classify each spectrum as either IBD, healthy or IBD biomarker. 
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Table SD.1. Characteristic assignments for the identified dominant Raman peaks. [1-5] 

Raman Shift / cm-1 Assignment 
759 Tryptophan ring breathing mode; Proteins 
828 DNA phosphate groups 
875 C-C symmetric stretching; Proteins and lipids 
877 Choline stretching group; Phosphatidylcholine 
936 C-C stretch amino acids; Protein Backbone 
1003 Protein marker, Phenylalanine ring breathing mode, ρ(C-C); 

Phenylalanine 
1110 C-C vibration of the gauche-bonded chain 
1051 C-O and C-N stretch 
1080 (ν(C-C) of lipids); PO2 group in DNA and lipids 
1128 Trans C-C stretching; backbone of lipid, protein, and carbohydrate 
1201-1207 CH2 wagging vibrations (glycine, proline, tyrosine, and phenylalanine 
1230-1285 Amide III; Protein 
1270 C-H deformation; Lipids 
1305 CH2 twisting; Phospholipids, adenine, myoglobin 
1337 CH2/CH3 wagging and twisting (proteins, nucleic acids), nucleic acid 

bases (υ(C-H)) 
1340 C-H deformation; Protein 
1368 ω(CH2), δ(CH), υ4-υ(Pyr ¼ ring); tryptophan, guanine, thymine, 

myoglobin (Haem core) 
1445 Shoulder (δ(CH2) deformation of proteins and lipids 
1447 CH2 scissoring (lipid and protein) 
1518 υ(C=C) 
1620-1680 Amide I band 
1622 C=C stretching mode of tyrosine and tryptophan 
1643 C=C stretching modes of lipids and the protein Amide I 
1656 C=C stretching in lipids, C=O stetch in proteins 
1658 (υ(C=O)) 
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therapy in inflammatory bowel disease. PLoS One. 2021;16, 1-16.  
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Table SD.2. Normalised Raman intensity of main statistically significant and dominant spectral 

peaks identified. 

Marker Raman Shift / cm-1   

 936 1003 1340 1445 1656 

Healthy Saliva  0.29 0.77 0.56 0.81 0.46 

IBD Saliva 0.28 0.84 0.51 0.78 0.45 

Healthy Biopsy 0.25 0.63 0.60 0.75 0.51 

IBD Biopsy 0.19 0.73 0.45 0.99 0.69 

IL-4 0.37 0.99 0.49 0.63 0.45 

IL-8 0.28 1.00 0.60 0.59 0.42 

IL-12 0.17 0.91 0.39 0.97 0.43 

IL-17 0.19 0.99 0.50 0.84 0.58 
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Table SD.3. Classification performance of tissue biopsy compared to healthy controls 

including sensitivity, specificity, positive predictive values (PPV) and negative predictive 

values (NPV). 

Comparison Sensitivity Specificity PPV NPV Accuracy 

Healthy v. IBD 83.9 84.6 87.6 88.2 82.5 

Healthy v. UC 94.7 90.4 90.0 95.0 90.0 

Healthy v. CD 94.4 86.3 85 95 90.2 

 

 

Table SD.4. Classification performance of saliva compared to healthy controls. 

Comparison Sensitivity 

(%) 

Specificity 

(%) 

PPV NPV Accurac

y 

Healthy v. IBD 87.5 89 89 87.3 88.3 

Healthy v. UC 91.6 88.1 88.5 88.5 80.1 

Healthy v. CD 87.3 87.7 86.1 88.9 80.3 

 



 

 342 

 

Figure SD.2. Raman spectral data of non-normalised molecular fingerprints of (a) 

saliva and (b) tissue biopsy (blue=healthy, red=IBD). The identified Raman spectral 

fingerprints obtained from non-normalised data align with the observed SNV 

normalised data, with the only differences observed in the scaling of the data.  

 

SD.3. Spectroscopic Data Analyses and Interpretation Details – Extended Discussion  

A trio of characteristic bands at 821, 851, 924cm-1 were identified for PKM2, emerging as a 

significant mediator of inflammatory processes with serum levels 6-fold higher in IBD versus 

healthy patients, [1] posing PKM2 as a putative IBD-biomarker (Fig.3.2b/SD.3). Prior research 

by Czub et al. identified increased fecal PKM2 levels 100% of active CD patients and 94.3% of 

active UC patients with associated enzyme reactivity higher in all IBD patients than those 

healthy controls. Here we identified PKM2 at increased levels in both saliva and tissue at each 

of the three characteristic Raman bands, thus indicating its potential as an identifier of IBD in 

both tissue and saliva as opposed to its current use in faecal samples. In addition, whilst CRP 
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exhibited increased intensities at 841, 912, 1076 and 1126cm-1 (p***<0.0001), this marker alone 

was found to be non-specific due to the elevation in systemic inflammatory disease other than 

those identified within the intestinal tract, for example in cancers of the body or infections, CRP 

levels can also be significantly elevated.  However, when combined with other potential 

markers of IBD, such as PKM2, IL-4, IL-8, IL-12 and IL-23 CRP provides invaluable insight into 

the level of inflammation in the gut. Increased levels of CRP for example, can help differentiate 

mucosal active disease from quiescent IBD as well as acting as a predictor as to the need for 

colectomy through the reflection of severe ongoing and uncontrolled inflammation of the gut 

[2]. 

 

Notably, the peak at 936cm-1 exhibits a decreased intensity in the IL-4 compared with IL-8, IL-

12, and IL-17 due to the C-C stretch of the amino acids in the protein backbone, where the 

vibrational frequency depends on the local chemical environment including hydrogen bonds 

and steric hindrance and represents the local conformation of the peptide bond predominantly 

influenced by the neighbouring amino acid residues. The 1340cm-1 is attributed to C-H 

deformation of proteins backbone/side chains, providing information on the presence of 

hydrogen bonds, electrostatic interactions and intermolecular forces. Since the position and 

intensity of this band can be influenced by presence of ligands, cofactors, or changes in the 

native environment, analysing these provides important underpinning insights on the structure 

and dynamics of the proteins. Herein, the rise in the C-H deformation band indicates an 

increase in either number or strength of C-H bonds in each of the interleukin molecules, and a 

change in the protein secondary structure due to the diseased state of the patient. 
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The peak at 1656cm-1 is associated with the amide-I band of the C=O stretching of backbone 

conformation [3]. Given that amide-I is the most intense absorption band in proteins and its 

exact position is determined by the backbone confirmation and the pattern of hydrogen 

bonding, its increase is indicative of these changes. 

 

Figure SD.3.  Representative SOM clustering and classification according to biomarker type 

of (a) all the studied biomarkers, (c) CRP, calprotectin, α-1-antitrypsin, ferritin and PKM2 and 

a b

c d

e
f



 

 345 

(e) cytokine; IL-4, IL-8, IL-10, IL-12, IL-17 and IL-23 with the corresponding SOMDI extracted 

features from SOM (b, d and f) classifying biomarker subtype with an accuracy of 98.2%.    

 

We have successfully detected and identified several Raman key-bands, which were 

characteristic in patients with IBD including the 936cm-1 (C-C stretching of amino acids, 

protein backbone), 1003cm-1 (Phenylalanine), 1340cm-1 (C-H deformation, Protein), 

1445cm-1 (Shoulder (δ(CΗ2) deformation of proteins and lipids and 1656cm-1 (C=O 

stretch in proteins, Amide I). In IBD disease state, we also found that the intensity of 

the spectral peaks at 936 and 1340cm-1 to be considerably downregulated, whilst the 

bands at 1003, 1445 and 1656cm-1 were upregulated. These results are consistent 

with study Morasso et al. [4] where the authors identified similar assignments to these 

spectral changes via comparison of dried plasma ex-vivo samples using Raman 

spectroscopy and analysed using principal component analysis followed by linear 

discriminant analysis.    

 

The fact that the same set of peaks are visible in both the healthy and diseased sample 

types would thus indicate that their biochemical composition is similar, which is 

consistent with our general understanding of inflammation. Inflammation does not 

introduce new metabolites into the system but instead, leads to an overproduction or 

overuse of the existing metabolites. Therefore, it is expected to see the same 

molecular changes as identified via intensity changes of the peaks in the same region 

in both tissue types as was evidenced in our study, supporting that these are due to 

the inflammatory response, where the variation in peak intensities between the two 

types are thus due to the detected differences in the concentration of the biomolecules. 



 

 346 

Furthermore, the significant increase in intensity at 1003cm-1 is an additional indication 

of inflammation due to IBD, since in previous studies, this peak has been associated 

with higher levels of phenylalanine, due to the immune activation and inflammation. 

Smith et al. observed a significant reduction in intensity due to mucosal healing and 

Addis et al. recognised a similar effect, following biological therapy. [5] An additional 

finding relating to the peak changes at 1656cm-1 (Amide I) could indicate 

conformational changes induced by factors evolving from the inflammatory state. 

Although, it is possible that factors stemming from age, dehydration or radiological 

conditions, could also be responsible for the changes detected, these do not affect the 

data reported in our study as the recruited subjects were of a highly similar age, with 

no known health conditions thus predominantly, the biochemical changes detected are 

indicative of the inflammatory response associated with IBD. 

 

Our study subsequently, has proceeded to identify which biomarkers associated with 

IBD could be responsible for the intensity changes found between healthy and IBD 

patient samples within these regions. Changes in response to IBD, have shown 

downregulation at 936cm-1, (representative of C-C stretching associated with amino 

acids such as glutamine and arginine which influence the progression of IBD in 

individuals) with the main statically significant differences arising from amino acid 

composition (p***<0.001). Our results of decreased intensity at 936cm-1 in IBD patients 

is further consistent with previous studies, where changes in pro-inflammatory 

cytokines, which mediate interaction between immune cells and non-immune cells, 

have been shown [6-9] to contribute to the inflammatory status of the intestine. In 

ulcerative colitis, the T-helper 2 response consists of IL-4 and IL-13. IL-4 is an 
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important contra inflammatory cytokine, which limits monocyte and macrophage 

activation. IL-4-mediated downregulation of activation has been shown by Ruckert et 

al. to be impaired in IBD [10]. Hoving et al. have also indicated that mice deficient in 

IL-4, IL-13 and IL-4 receptor-alpha on all cells develop an exacerbated IBD phenotype. 

[11] A further study by Xiong et al. identified the effects of IL-4 and IL-10 gene therapy 

on TNBS-induced murine colitis, shown to significantly inhibiting the TNBS-induced 

colon tissue damage and disease activity index as well as a marked block in expression 

of IFN-γ and TNF-α, highlighting the significance of monitoring IL-4 levels in IBD 

patients as well as the potential of IL-4 as a first line of defence in the treatment of IBD 

[9]. 

  

Furthermore, we have detected an upregulation of the band at 1003cm-1 attributed to 

the phenylalanine changes indicative of an increased inflammatory response. In IBD, 

neutrophils are known to be important cellular mediators with the IL-8 being a powerful 

neutrophil chemoattractant found in increased quantities in the mucosa. Grimm et al., 

by isolating macrophages and monocytes from intestinal resections and detecting IL-

8 by in-situ hybridisation, found that in the inflamed bowel, IL-8 was detected in both 

macrophages and neutrophils however, not detected in uninflamed mucosa and the 

IL-8 expression was significantly more common by macrophages from IBD affected 

mucosa than in their healthy counterparts [12]. These results support that the detected 

increased levels of IL-8 with marked intensity increase at 1003cm-1 combined with an 

increase in the Amide I band at 1656cm-1 are indicative of protein confirmational 

changes, suggesting that IL-8 can act as a significant indicator of disease. Additionally, 

previous study by Billiet et al.  identifying the correlation of primary IFX therapy 



 

 348 

response with lower serum IL-8 levels, further suggests the ability of cytokines to 

predict the response to different therapies used in patients with IBD [6].  Additionally, 

the detected increase of statistically significant (p***<0.0001) bands at 1003 and 

1656cm-1 combined with the decrease at 1445cm-1 are indicative of the IL-12, playing 

a key-role in the activation and regulation of multiple cytotoxic immune cells including 

macrophages, natural killer cells and T cells, [6,13] produced predominantly by 

macrophages in response to bacteria and their products. IL-12 is rarely detected in 

normal intestinal mucosa and therefore, acts as an appealing potential marker of IBD. 

Recently, IL-12, in combination with other interleukins such as IL-23, has been 

emerging as a target molecule for treatment in IBD patients, for example, the use of 

Ustekinumab, an anti-IL-12/23p40 antibody has been approved for CD. Almradi et al. 

have also indicated that in early stages of IBD, IL-12 is the dominant p40-containing 

cytokine, driving inflammation in response to intestinal barrier disruption. [14] Similarly, 

IL-17 is known to exert a strong proinflammatory response. Its secretion has been 

reported to be limited to T lymphocytes with major indications of it being a strong 

mediator of inflammatory response in various tissues [15] as well as enhancing the 

proinflammatory response induced by IL-1β and TNF-α. Previous studies have shown 

that IL-17 expression has been detected in inflamed mucosa of active UC and CD 

patients via immunohistochemical techniques and serum ELISA. [16] Levels of IL-17 

have been also previously found to increase significantly from 371.5 pg/mL to 1365.1 

pg/mL in patients with IBD [17].  

Building upon the above studies correlating with our results, via the ability to identify 

differing intensities within IBD and healthy individuals, we firstly highlight the 

significance of IL-4 in the pathogenesis of disease given its widely accepted role in IBD 



 

 349 

as well as the diagnostic value of IL-8 as a biomarker with its potential to monitor 

mucosal healing and potential monitoring of patients in responses to therapeutics. The 

detected changes further highlight the importance of IL-12 in the pathogenesis and 

progression of IBD and of the IL-17 ability to act as a multiplexed IBD biomarker. 

Overall, real-time, rapid in-vivo spectroscopic measurements in IBD patients will 

enable establishing insights into biological pathways underlying the associated 

pathophysiology and could conceivably allow tracking the passage and dosage of 

current and emerging pharmacological therapeutics. 
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SD.5. Materials and Methods 

Sample Collection and Preparation. Saliva was collected from 101 participants (51 IBD and 

50 healthy) at Queen Elizabeth Hospital Birmingham, UK. All healthy volunteers had no 

previous health issues or known conditions. 5 mL of unstimulated saliva was collected from 

each participant in a 50 mL Falcon tube (Thermo Fisher) via the passive drool method. 

Subsequently, 5 µL of raw saliva was pipetted onto an aluminium slide and air dried in an 

airtight container for 30 minutes. Colon tissue biopsies were collected from 44 participants (32 

IBD and 12 healthy) (Ethics Refs. ERN_22-0290 and 19/SW/0010) into specimen containers 

(Thermo Fisher) containing 2 mL PBS and analysed immediately. All candidate markers were 

purchased directly from Sigma-Aldrich and Miltenyi Biotec Cologne and subsequently diluted 

in PBS (pH 8) to a working concentration of 1μg/mL. 5 μL of each was then pipetted onto an 

aluminium foil covered glass slide and dried in an airtight container for 30 minutes.  

 

Raman Spectroscopy. Raman spectra were acquired using a Renishaw InVia Qontor 

confocal Raman microscope equipped with a microscope Leica DMLM and 785 nm laser 

(Renishaw PLC) with a spectral resolution of 0.3cm-1.  Laser light was focussed using a x50 

objective lens with a laser power of 5 mW. Spectral maps were acquired over an area of 50x50 

μm2 in the fingerprint region of 700-1700 cm-1 with a 5 μm step size, 10 accumulations and 1s 

exposure time per spectrum. Overall, 100 spectra per sample were collected and used for data 

processing and analyses. 

 

Data Acquisition and Analyses. The data was collected using WiRE 5.1 and further 

employed for the polynomial background subtraction and the removal of cosmic rays. 

Normalisation was done using the standard normal variate (SNV) (Python 3.7), which was used 
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to derive the multi-chemical barcoding of the data. SNV is applied to each data point in the data 

set, whereby, the mean of all data points within the given dataset is subtracted from each 

individual data point thus centring the data around zero. Each centred data point is then divided 

by the standard deviation, scaling the data.  Savitzky-Golay filter was applied to calculate the 

second derivative of each spectrum. Smoothing window was set to 21 with a polynomial order 

of 2. Maximum peak heights with absolute values over 40% were assigned a value of 1 with 

values below 40% assigned a value of 0. Values were overlaid on the averaged spectra with 

reference to the main peaks identified for the barcode generation. Statistical analysis was 

performed using a one-tailed students t-test, peaks identified as having a p<0.001 were 

determined as statistically significant.  

 

Data Processing and Multivariate Analysis. Multi-variate analysis was performed using the 

self-optimising Kohonen index network based on self-organising maps (SOMs) with the 

accompanying Raman Toolkit web interface to build SOM models using training data and 

perform predictions against test data. SKiNET models were optimised by performing 10-fold 

cross validation on the training data, and tuning the number of neurons, initial learning rate and 

number of training steps. The final model used a 10x10 grid of neurons, 38,200 training steps 

(4 epochs of the data), with an initial learning rate of 0.1. The optimised model was 

subsequently used to classify the previously unused test data. Classification using the test data 

were repeated ten times from separate SOM initialisations. To achieve higher accuracy the 

SOM size, learning rate and number of epochs was empirically tested, with classification 

accuracy determined using a 10-fold cross validation. Stability of the model was further verified 

by running a repeat initialisation of the classification four times.  
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2Department of Physics, Cavendish Laboratory, University of Cambridge, JJ Thomson Avenue, Cambridge, CB3 
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S1. LoC Performance 

 
Figure S1. Overall time taken to filter saliva through the LoC. Based on 10 sample repeats. 
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Figure S2. Overall time taken to filter blood plasma through the LoC. Based on 10 sample repeats 

 
 

S2. EV Indicative Biomarkers 

Figure S3. Raman extended scans of EV indicative biomarkers (a) AHA1, (b) CD81, (c) phosphatidylcholine and 
(d) ST13. 

S3. Additional Box Plots 
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Figure S4. Boxplots illustrating average Raman peak intensity distributions at wavenumbers (a) 851 
cm-1, (b) 960 cm cm-1, (c) 1003 cm-1, (d) 1320 cm-1, (e) 1336 cm-1, (f) 1448 cm-1 and (g) 1657 cm-1 for 
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EV subgroups and raw blood plasma. The box represents the interquartile range (IQR) with the 
median indicated by a line inside the box. Whiskers extend to 1.5 times the IQR, and the diamonds 
denote outliers beyond the whiskers. Intensity levels were significantly higher between EV subgroups 
and raw plasma with * denoting p < 0.05, ** p < 0.01 and *** p < 0.0001, student’s t-test. 
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Figure S5. Boxplots illustrating average Raman peak intensity distributions at wavenumbers (a) 851 
cm-1, (b) 960 cm cm-1, (c) 1003 cm-1, (d) 1320 cm-1, (e) 1336 cm-1, (f) 1448 cm-1 and (g) 1657 cm-1 for 
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EV subgroups and raw blood plasma. The box represents the interquartile range (IQR) with the 
median indicated by a line inside the box. Whiskers extend to 1.5 times the IQR, and the diamonds 
denote outliers beyond the whiskers. Intensity levels were significantly higher between EV subgroups 
and raw plasma with * denoting p < 0.05,  ** p < 0.01 and *** p < 0.0001, student’s t-test. 
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Figure S6. Boxplots illustrating average Raman peak intensity distributions at wavenumbers (a) 874 
cm-1, (b) 928 cm-1, (c) 1003 cm-1, (d) 1047 cm-1, (e) 1296 cm-1, (f) 1448 cm-1 and (g) 1656 cm-1 for EV 
subgroups and raw saliva. The box represents the interquartile range (IQR) with the median indicated 

Raw Large  
Particles 

Medium 
Particles 

Small  
Particles Raw Large  

Particles 
Medium 
Particles 

Small  
Particles 

Raw Large  
Particles 

Medium 
Particles 

Small  
Particles 

Raw Large  
Particles 

Medium 
Particles 

Small  
Particles 

Raw Large  
Particles 

Medium 
Particles 

Small  
Particles Raw Large  

Particles 
Medium 
Particles 

Small  
Particles 

Raw Large  
Particles 

Medium 
Particles 

Small  
Particles 



 

 361 

by a line inside the box. Whiskers extend to 1.5 times the IQR, and the diamonds denote outliers 
beyond the whiskers. Intensity levels were significantly higher between EV subgroups and raw plasma 
with * denoting p < 0.05, ** p < 0.01 and *** p < 0.0001, student’s t-test. 
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Figure S7. Boxplots illustrating average Raman peak intensity distributions at wavenumbers (a) 874 
cm-1, (b) 928 cm-1, (c) 1003 cm-1, (d) 1047 cm-1, (e) 1296 cm-1, (f) 1448 cm-1 and (g) 1656 cm-1 for EV 
subgroups and raw saliva. The box represents the interquartile range (IQR) with the median indicated 
by a line inside the box. Whiskers extend to 1.5 times the IQR, and the diamonds denote outliers 
beyond the whiskers. Intensity levels were significantly higher between EV subgroups and raw plasma 
with * denoting p < 0.05, ** p < 0.01 and *** p < 0.0001, student’s t-test. 

 

 

S4. Additional RS Data – IBD  

 

Figure S8. (a) Representative Raman spectra illustrating Raman spectral fingerprint of UC-indicative EVs. (b) 
SOMDI/SOM of UC patient saliva successfully classifying EVs according to size/subgroup with an accuracy of 
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98.2 ± 0.4%. Clustering of raw saliva is indicated in blue, large particles in red, medium particles in black and 
small particles in green. 

 

 

Figure S9. (a) Representative Raman spectra illustrating Raman spectral fingerprint of CD-indicative EVs. (b) 
SOMDI/SOM of UC patient saliva successfully classifying EVs according to size/subgroup with an accuracy of 
92.1 ± 1.2%. Clustering of raw saliva is indicated in blue, large particles in red, medium particles in black and 
small particles in green. 
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Table S1. % change in CVD-indicative biomarkers in raw blood plasma at significant Raman shifts of 
interest.  

Marker 
Raw Plasma 

(Raman Shift cm-1) 
 812 1003 1296 1315 1448 1656 

IL-9 34.1 13.4 16.7 72.2 271.4 23.5 
ApoB 173.3 15.8 106.7 266.7 0.02 20.1 
PCSK9 55.9 24 42.3 23.5 69.6 140 
LpA 10.1 24 59.4 34.1 51 27.2 
NT-ProBNP 60 0.03 54.5 42.6 10.3 11.6 

 
 
Table S2. % change in CVD-indicative biomarkers in large particles derived from blood plasma at 
significant Raman shifts of interest.  

Marker 
Large Particles 

(Raman Shift cm-1) 
 812 1003 1296 1315 1448 1656 

IL-9 17.4 37.3 0.06 66 338 0.03 
ApoB 78.2 43.8 38.7 0.07 19.5 20.7 
PCSK9 32.3 31.4 36.8 14.2 100 25 
LpA 33.6 17.9 42.4 29.8 31.4 62.8 
NT-
ProBNP 82.6 17.5 24.6 29.8 31.4 62.8 

 
Table S3. % change in CVD-indicative biomarkers in medium particles derived from blood plasma at 
significant Raman shifts of interest.  

Marker 
Medium Particles 

(Raman Shift cm-1) 
 812 1003 1296 1315 1448 1656 

IL-9 18.5 41.8 0.06 66 338 0.03 
ApoB 46.3 48.4 38.7 66.7 19.5 17.1 
PCSK9 35.3 35.7 47.1 49.2 100 250 
LpA 35.3 167 48.6 19.5 0.06 0.06 
NT-ProBNP 47.6 21.8 42.4 29.8 31.4 62.8 

 
Table S4. % change in CVD-indicative biomarkers in small particles derived from blood plasma at 
significant Raman shifts of interest.  

Marker 
Small Particles  

(Raman Shift cm-1) 
 812 1003 1296 1315 1448 1656 
IL-9 0.04 46.3 38.9 58.8 338 23.5 
ApoB 31.7 53.1 19.4 59.6 22.1 10.3 
PCSK9 17.6 40 0.03 36.9 104 160 
LpA 17.6 165 32.4 0.03 0.04 21.2 
NT-
ProBNP 33.3 25.6 24.2 14.9 34.3 20.9 
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