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Abstract 

In pursuing personalized therapeutic approaches, understanding molecular and biomolecular 

alterations in disease states is crucial for elucidating pathophysiological mechanisms and discovering 

predictive or diagnostic biomarkers. Investigations on complex samples eventually demand a 

combination of analytical approaches. The choice of the most appropriate and informative analytical 

approach depends on sample complexity and on the investigation’ aim/question, often requiring a 

multi-technique strategy for robust insights. 

In this PhD project, high-resolution mass spectrometry (HRMS) and surface plasmon resonance 

(SPR) were exploited to investigate structural and functional alterations in human serum albumin 

(HSA) within diseases characterized by enhanced oxidative stress and inflammatory response, with 

a specific focus on diabetic kidney disease (DKD). HRMS analyses in DKD patients revealed reduced 

levels of native albumin with concomitant increased levels of oxidized forms (mainly). The levels of 

both effective (eHA) and reduced HSA (rHA) forms dose-dependently correlated with renal 

dysfunction, showing higher diagnostic accuracy than total albumin (tHA) in DKD diagnosis. 

Moreover, eHA emerged as an independent predictor of DKD. 

To investigate whether structural alterations impact HSA binding properties, SPR technology was 

employed. Novel biosensing surfaces functionalized with a selective anti-HSA antibody were 

developed and validated for immunocapturing HSA directly from patients’ plasma to achieve a 

sensing surface snapshotting patient-specific HSA heterogeneity. Additionally, the biosensing surface 

facilitated the evaluation of novel bioresponsive prodrugs for tailored delivery systems targeting the 

tumor site specifically. 

Furthermore, the investigation delved into DKD-related metabolic changes using an untargeted 

metabolomic approach. The study highlighted progressive alterations in metabolic profiles, shedding 

light on potential key metabolites and pathways affected in DKD. 

In conclusion, the combination of HRMS and SPR technologies provided comprehensive insights 

into molecular changes associated with DKD. The final aim is to identify additional biomarkers for 

clinical use and deepen understanding of disease-related metabolic alterations, with potential 

applications for precise therapeutic interventions. 
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Outline of the thesis 

The current thesis includes the collection of studies carried out during my PhD program and focuses 

on the investigation of alterations in macromolecules and small molecules in diabetic kidney disease 

(DKD), a severe complication associated with type 1 and type 2 diabetes. This chronic pathological 

condition shares with other chronic pathologies some common features such as increased levels of 

oxidative stress and inflammatory responses. Hence, human serum albumin (HSA) has been selected 

as the main macromolecular element of interest in our studies on DKD, based on previous 

observations that HSA may undergo structural and functional alterations in pathological conditions 

characterized by chronic inflammation and oxidative stress, and that those alterations may snapshot 

clinical conditions and own a prognostic power. 

In detail, the dissertation is divided into three main parts.  

Part I briefly provides the state-of-the-art on HSA and DKD. Chapter 1 aims to provide an overview 

of HSA, focusing on its biological functions relevant to the conducted studies. The structural 

modifications that circulating HSA could undergo in response to pathological conditions, such as high 

oxidative stress and inflammation (e.g., cysteinylation, glycation, oxidation), are discussed, along 

with analytical strategies developed to detect these alterations. The last part of this chapter also 

comments on the connection between structural changes and pathological processes. Chapter 2 

briefly overviews DKD, emphasizing the pathophysiological mechanism involved with the 

progressive and irreversible deterioration of renal structure and function. This section highlights the 

widespread impact of DKD on various organs and the substantial economic burden it places on 

healthcare systems. A discussion on existing biomarkers used for diagnosis, their limitations, and the 

challenges of detecting DKD in its early stages follows. Background investigations on molecular 

mechanisms underpinning the disease, focusing mainly on metabolomic-based approaches as 

powerful tools for biomarker discovery, are also summarized. In Chapter 3, the aim of the thesis is 

described. 

Following the introductory part, part II and III report on the investigations conducted during the PhD 

program and report on the achieved results. 

In detail, Part II collects investigations on HSA structural (Chapter 4) and functional (Chapter 5) 

alterations. Chapter 4 summarizes the main outcomes of investigations performed by a top-down 

high-resolution mass spectrometry approach to define the relative abundance of all structurally altered 

forms of HSA in a cohort of 117 type 2 diabetic patients with DKD at different stages (including 

controls) and evaluate possible correlations between these alterations and the severity of renal damage 

in DKD patients. Chapter 5 focuses and the investigation of possible alterations in HSA binding 
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properties which may result from structural alterations in pathological conditions. To retrieve such 

information, a surface plasmon resonance (SPR) technology was exploited, and a novel sensing 

surface was designed to selectively immunocapture different circulating forms (native and altered) of 

has directly from patient’s plasma. Validated HSA-sensor chips were exploited to investigate HSA 

binding capacity in a pilot cohort of 20 diabetic patients with moderate DKD. As DKD shares with 

cirrhosis, a general increase in inflammation and oxidative stress paralleled by an increased level of 

structural alterations in circulating HSA, HSA binding properties in DKD patients were compared 

with those encountered in a small cohort (n = 6) of patients affected by decompensated cirrhosis. 

Chapter 6 discusses the application of previously (see Chapter 5) developed and validated HSA 

sensing surface to the investigation of the binding properties of three novel bioresponsive prodrugs 

designed with both paclitaxel, as a chemotherapeutic agent, and the indoleamine 2,3-dioxygenase 1 

(IDO1) inhibitor NLG919 towards HSA, in order to be tailored in biomimetic and carrier-free 

nanobinders. The study lines within a wider study aiming at providing a nanodelivery system for a 

new combination therapy for the treatment of triple-negative breast cancer.  

Part III (Chapter 7) details the study performed to get insights on the metabolomic network in DKD 

patients. In detail, this chapter discusses the application of an untargeted metabolomics-based 

approach featuring HILIC separation to characterize polar metabolites in the plasma samples of 68 

out of the 117 diabetic patients. Sophisticated data analysis methods, statistical, and bioinformatics 

approaches were employed to understand alterations in metabolite levels in diabetic patients without 

DKD, compared to those affected by DKD.  

At the end of the third part, a concise summary of the essential findings and the outline of future 

perspectives based on the insights gained from the current dissertation is provided.  
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Chapter 1. Human serum albumin 

1.1 Historical perspective: from ancient observations to modern understanding 

The word “albumin” comes from the Latin word for "the whites of eggs", albumen, that in turn 

comes from the noun albus, which means nothing but white [1]. This protein, along with 

hemoglobin and fibrin, captured the attention of ancient physicians, ranging from Hippocrates to 

the doctors of the renowned Medical School of Salerno. In Aphorism VII, Hippocrates observed 

that individuals with bubbles on the surface of their urine were likely to have long-lasting kidney 

disease (“Those who have bubbles on the urine surface, have kidney disease, which will be long”) 

[2]. For the physicians at the School of Salerno, the presence of foam in urine assumed great 

significance, as it was not only compared with the color but also tracked throughout the 

progression of a disease [3]. In modern times, it is widely recognized that the presence of albumin 

causes urine foaming. Early attempts to isolate this protein from urine can be traced back to the 

seventeenth century when Paracelsus experimented with vinegar. However, it wasn't until 1894 

that Goubert successfully crystallized albumin from horse serum [4]. Initially, the term "serum 

albumin" was coined due to the focus on blood serum as the research subject and the primary 

source of albumin. Simultaneously, the need to distinguish serum albumin from albumin derived 

from eggs, milk, and plants necessitated the use of this specific term.  

 

 

Figure 1.1. Urine wheel. In 1506, this urine wheel was published in the book Epiphanie Medicorum by 

Ullrich Pinder. It describes the possible colors, smells, and tastes of urine and their uses to diagnose 

diseases.  
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1.2 General remarks 

Human serum albumin (HSA) accounts for up to 60% of all plasma proteins and is considered 

the most abundant protein in plasma, where it reaches a concentration of 3.5 to 5.0 g/dL and has 

a half-life of 14 to 20 days [5]. HSA serves diverse physiological roles and encompasses a wide 

range of biological functions, traditionally categorized as oncotic and non-oncotic properties. [6] 

[7]. Its contributions include establishing oncotic pressure, facilitating the binding and 

transportation of various endogenous and exogenous compounds, exerting an important 

protective function against oxidative stress, and participating in the modulation of inflammatory 

and immunological responses. During the Second World War, the first successful clinical use of 

HSA was made by Dr. I. S. Ravdin, who administered purified HSA to seven patients with severe 

burns, all of whom survived [8]. In the 1950s, HSA-based pharmaceutical formulations were 

introduced for the management of cirrhotic patients with hypoalbuminemia and ascites [9]. Since 

then, HSA has found applications in treating various conditions such as hypovolemia, shock, 

burns, acute respiratory distress syndrome, hemorrhage, and hemodialysis [10]. In addition, acute 

liver failure and chronic liver diseases, characterized by severe impairment of HSA metabolism, 

are commonly treated with its administration [11]. Moreover, HSA-based delivery systems (i.e. 

HSA-drug nanoparticles, HSA-drug conjugates, HSA-binding prodrugs, and HSA-based 

recombinant fusion proteins) have also drawn considerable attention in developing anticancer 

drugs. Due to the versatile properties of this biomolecule, therapeutics based on it show improved 

pharmacokinetics, prolonged circulation half-life, enhanced efficacy, and reduced toxicity [12]. 

Interestingly, HSA is also a valuable biomarker for many diseases, including cancer, rheumatoid 

arthritis, ischemia, post-menopausal obesity, and diseases that require glycemic control 

monitoring. Observing HSA levels can provide insights into the progression and management of 

these conditions [13]. Moreover, interactions between HSA and drugs can impact properties, 

including solubility, absorption, distribution, metabolism, and excretion (ADME), thus 

influencing the pharmacokinetic of drugs. [14]. For example, the presence of a fatty acid in the 

structure of Detemir®, an insulin-derived drug used for treating diabetes mellitus (DM), facilitates 

its binding to HSA. This binding leads to a prolonged half-life of the drug in the bloodstream 

[15]. 

 

1.3 HSA structure and chemical properties 

HSA is a non-glycosylated globular protein with a molecular weight of 66,438 Da, consisting of 

a single chain of 585 amino acid residues. It has several ionized residues at physiological pH, 

which confer good solubility. In 1999, by high-resolution crystallography (2.5 Å), the HSA X-
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ray structure was obtained and showed that the protein has an asymmetric heart-like shape with 

dimensions of 80 x 80 x 30 Å [16, 17]. Its secondary structure consists mainly of α-helices (~ 

67%) and has no β-sheet. Structurally, HSA is composed of three homologous α-helical domains 

identified as I (residues 1-195), II (196-383), and III (384-585). These three domains are 

constituted of ten antiparallel helices and are divided into two subdomains: subdomain A with 

six helices (h1-h6) and subdomain B with four (h7-h10) [18]. Because of its relatively simple 

structure and modularity, HSA appears to be a very flexible protein. HSA contains 35 Cys 

residues forming 17 disulfide bridges, contributing significantly to structural and functional 

stability. The only free cysteine in the molecule is Cys34, which is relatively exposed to solvents 

and plays an important role in antioxidant activity. Several HSA biological functions, such as 

enhancement of ligands plasma solubility, delivery of ligands to specific tissues, or their removal, 

depend on its ability to reversibly bind a broad range of ligands. Indeed, HSA has nine binding 

sites (FA1-FA9) characterized by crystallographic studies and named according to their ability to 

bind long and medium-chain saturated fatty acids [19]. Of these, FA8 and FA9 are considered 

additional binding sites and are only involved in the presence of short-chain fatty acids or at 

saturating concentrations of fatty acids [20, 21]. In contrast, FA1, FA3-FA4, and FA7 are of 

essential importance to binding functions. The FA7 and FA3-FA4 sites are known as Sudlow site 

I and Sudlow site II, respectively and were characterized by competition studies with fluorescent 

probes. Since most drugs bind to Sudlow sites I and II with high affinity, they are the most 

relevant and studied sites functionally speaking [22, 23]. The third major site of interest is FA1 

or site III [24]. Sudlow site I is located in subdomain IIA and contains all six IIA helices and one 

IB helix [25]. Although the inside of the pocket is mostly non-polar, it contains two clusters of 

basic residues, one toward the bottom of the pocket (Tyr150, His242, and either Lys199 or 

Arg222) and one on the outside near the entry of the pocket (Lys195, Lys199, Arg218, and 

Arg222). As a result, the molecules that interact best with site I are those that have two acidic 

groups (ionized at physiological pH) that can interact with the two basic clusters [26, 27]. Sudlow 

site II is in domain IIIA and comprises all six subdomain helices. It is topologically similar to site 

I but smaller in size. The entry to Sudlow site II is more solvent-exposed and, in contrast to site 

I, has a single cluster of polar residues located in the proximity of the pocket entrance (Tyr411, 

Arg410, Lys414, and Ser489). Due to the presence of this single polar cluster, this site is specific 

for drugs with a single peripheral electronegative group [28]. FA1 site, or site III, is located in 

the subdomain IB and is known for its ability to bind heme and bilirubin [24]. This site shows 

high flexibility and adapts to different conformations to accommodate different ligands. Site III 
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mainly consists of residues with hydrophobic side chains. The most selective ligand is heme 

because the porphyrin group can form π-π interactions with the two tyrosine residues present 

(Tyr138 and Tyr161) and a dative bond between Tyr161 and the Fe(III) atom [29].  

Along its polypeptide chain, HSA also presents four major metal ion binding sites: the N-terminal 

site (NTS), the reduced Cys34 residue, Site A, and Site B [30]. NTS consists of the first three 

residues of the HSA sequence, Asp-Ala-His, and coordinates Ni(II) and Cu(II) thanks to peptide 

bond nitrogen participation in metal ion coordination. Site A is located at the interface of domains 

I and II, and the imidazole nitrogen of His67 of domain I could be identified as a ligand for Cd(II) 

ion. The reduced Cys34 is specific for metal ions that are able to effectively attach to the protein 

via a single metal to sulfur bond, primarily Au(I) and Pt(II) [31, 32]. Site A is the preferential site 

for Zn(II), which binds the side chain carbonyl of Asn99 of domain I, the carboxylate of Asp249, 

and the imidazole of His247, both located in domain II [33, 34]. Site B has approximately the 

same affinity for Cd as site A. It has a lower affinity for Zn(II) but appears to be the primary site 

for Mn(II) ions [35]. 

 

1.4 HSA chemical modifications 

HSA is highly heterogeneous in terms of forms due to structural alterations that the biomolecule 

can undergo during its in vivo lifetime or in the processes used to isolate HSA-based therapeutics 

from plasma. The most important modifications lead to oxidized, glycated, and truncated HSA 

forms. Some of these changes can affect HSA structure, hydrophobicity, net charge, and redox 

state and can be detrimental, especially in terms of binding capacity and antioxidant activity.  

Oxidized HSA can be caused by aging, reactive oxygen species (ROS), lipid peroxidation 

products, and ions involved in the Fenton reaction [36]. This modification alters not only the 

redox state of the protein and, thus, its antioxidant capacity but also its binding properties at the 

three high-affinity binding sites [37, 38]. Oxidation can affect Met, Lys, Arg, and Pro residues 

but predominantly occurs at the Cys34 residue. In a healthy subject, most of the circulating HSA 

(70-80%) exhibits the reduced Cys34 residue with the free thiol group and is termed human-

mercaptoalbumin (HMA), while the remaining is named human non-mercaptoalbumin (HNA). 

In this latter form, the thiol group may be present as a disulfide, which is formed reversibly with 

Cys, homocysteine, or glutathione, or - under oxidative stress conditions - the free thiol group can 

be oxidized, generating sulfenic acid (HSA-SOH). This product is an intermediate that can be 

reduced, leading again to the formation of HMA, or it can be oxidized further by irreversible 

processes, generating the sulfinic (HSA-SO2H) or sulfonic (HSA-SO3H) form. The set of 
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reversibly oxidized forms is named non-mercapto-albumin 1 (HNA-1), while the irreversibly 

oxidized forms are non-mercapto-albumin 2 (HNA-2) [39,  40] (Figure 1.2). [41] 

 

Figure 1.2. HSA redox state pathway. (1) The free thiol group on Cys34 of human serum mercapto-

albumin (HSA) undergoes a disulfide exchange reaction with low molecular weight disulfides (e.g., 

cysteine (Cys), cysteinylglycine (CysGly), homocysteine (HCys), and/or glutathione (GSH)) to form a 

mixed disulfide at Cys34. The resulting oxidized HSA is termed human non-mercapto-albumin-1 (HNA-

1). (2) Alternatively, Cys34 can react with a variety of reactive oxygen and nitrogen species (referred to 

as [O]), such as hydrogen peroxide (H2O2), peroxynitrite (ONOO-), superoxide (O2-), or hypochlorous 

acid (HOCl). This reaction determines HSA initially oxidized to sulfenic acid. (3) Sulfenic acid may react 

with Cys and other thiols to form HNA-1. (4) Conversely, ROS can further oxidize sulfenic acid to sulfinic 

and sulfonic acids. These oxidized HSA forms are referred to as HNA-2. 

 

Irreversible oxidation of HSA is associated with a loss of function and rapid protein degradation. 

Cys34 results in a good indicator of oxidative stress in systemic circulation [42]. Oxidized HSA 

increases in many conditions, such as kidney and liver disease or DM [43]. This form shows a 

different binding capacity than HMA, which increases with drugs such as verapamil or decreases 

with others such as cefazolin. This effect may vary depending on the degree of oxidation [38]. 

Circulating glycated HSA results from a nonenzymatic multistep glycation reaction that occurs 

in the presence of reducing sugars and free amino groups. Carbonyl groups of glucose - or its 

derivatives - react with a free amino group, typically those of lysine or arginine (Maillard 

reaction), to form an N-substituted glycosylamine, which is dehydrated to an imine (Shiff base). 

The imine rearranges to create a more stable adduct, the Amadori product, which can be further 

oxidized to form advanced glycation end products (AGEs) [44]. The major glycation sites of HSA 

have been identified as Lys525 and Arg410, but Lys residues at positions 186, 199, 281, and 439 

and Arg residues at positions 114, 218, and 428 may also be involved in the reaction [45]. A 
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healthy individual’s glycated HSA levels do not exceed 10% [46]. However, in pathological 

conditions such as DM and cirrhosis, the percentage increases significantly with the severity and 

progression of the disease [47, 48]. When glycation involves amino acids located near major 

binding sites, changes in the binding capacity of drugs and endogenous molecules may occur, 

resulting in changes in pharmacokinetics [49].  

Truncation occurs either at the HSA N-terminal, the C-terminal, or both. On one hand, N-terminal 

truncation undergoes the loss of aspartate and alanine residues involved in metal ion binding, 

resulting in reduced antioxidant activity of the protein. On the other hand, leucine truncation at 

the C-terminal results in a reduction of the protein half-life to a maximum of about 80 hours [50, 

51]. In addition to these common modifications, it is also worth remembering dimerization, 

nitration, and nitrosylation. 

 

Figure 1.3. Most frequent structural alterations affecting HSA structure. (Protein Data Bank 

ID 1AO6). 

 

1.5 HSA biological functions 

HSA performs important physiological functions known as oncotic and non-oncotic properties. 

It is an important modulator of fluid distribution in the human body, accounting for about 70-

80% of total oncotic pressure. The main contribution is the osmotic effect due to the high 

intravascular concentration of HSA coupled with its high molecular weight. To a lesser extent, 

the protein's property of having a net negative charge at physiological pH allows it to attract 

positively charged ions inside the blood vessel, resulting in water entering through osmosis, 

known as the Gibbs-Donnan effect [52].  

Among the non-oncotic properties, its wide binding capacity due to its multidomain organization 
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is the most extraordinary. Indeed, HSA binds endogenous molecules and their metabolites (e.g., 

bilirubin, heme, cholesterol, fatty acids, anions, metal cations), gases (e.g., NO), hormones (e.g., 

L-thyroxine, vitamin D); and exogenous molecules and their metabolites (e.g., drugs) [28]. HSA 

binding can increase the solubility and half-life of molecules. However, such feature can be 

affected by other compounds competing for specific binding sites. Consequently, the 

pharmacokinetics and pharmacodynamics of drugs may be altered by an increase in the free 

fraction [5]. 

Another important function of HSA is its antioxidant activity, which is exerted through two 

mechanisms. The first relates to its ability to bind and inactivate free metals such as copper and 

iron that catalyze ROS formation [30]. Additionally, bilirubin binding inhibits lipid peroxidation, 

providing an indirect antioxidant effect [53]. The second and most relevant mechanism is related 

to HSA’s ability to deactivate free radicals. While glutathione is the most abundant mitochondrial 

antioxidant, HSA is the major extracellular defense against oxidative stress, providing 80% of 

extracellular thiols [54]. In healthy subjects, roughly two out of three molecules of HSA 

contribute to the HMA pool, which is active as a trapping for several ROS and reactive nitrogen 

species (RNS) (e.g., superoxide, nitric oxide, hydrogen peroxide, hydroxyl radical, peroxynitrite, 

hypochlorous acid, nitrogen dioxide radical, hydroperoxide radical, and peroxyl radical), owing 

to the binding properties of free thiol group of Cys34 [42]. HSA contains six methionine residues 

that are also subject to oxidation [55]. A remarkable feature of HSA is its ability to bind to pro-

inflammatory substances and mediators of inflammation. Depending on the pathophysiological 

conditions, HSA could play a dual role, either stimulating or moderating the activation of immune 

cells. HSA could play a role in moderating the inflammation of bacterial infections. HSA binds 

gram-positive and gram-negative surface components through hydrophobic interactions, such as 

lipopolysaccharide (LPS), lipoteichoic acid, and peptidoglycan [56]. HSA also modulates 

endothelial function and inflammation by binding to arachidonic acid, prostaglandins, 

thromboxane, and leukotriene [57]. 

Different analytical strategies capable of correlating structural and functional features are 

required to understand the relationship between HSA structure and biological properties.  

The following is a brief review of the main analytical techniques used over the years for the 

structural characterization of HSA and binding evaluation. 
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Figure 1.4. HSA biological functions and binding properties. HSA oncotic and non-oncotic biological 

functions are listed on the top panel, while the bottom one lists the most common classes of endogenous 

and exogenous ligands.  

 

1.6 Analytical strategies for HSA characterization 

Over the years, the structural and functional integrity of HSA has been extensively studied. 

Several efforts have been made to develop tailored strategies to identify and quantify altered HSA 

forms, given their important physiological and pathological role [39]. In the following section, 

the most adopted techniques are discussed, divided as follows: analytical methods for evaluating 

structural integrity or structural changes and analytical approaches for examining HSA functions. 

1.6.1 Analytical methods for evaluating structural integrity or structural changes 

To date, the main chromatographic methods used for the structural characterization of HSA are 

ion exchange chromatography (IEC) [58–60] and reversed-phase liquid chromatography 

(RP/LC) [61–63]. Both methods have their advantages and disadvantages. IEX is the method of 

choice for characterizing protein charge variants, especially for analyzing HSA forms occurring 

from altered Cys34 oxidative state. Several studies have reported the ability of IEC to separate 

and quantify the HMA from the HNA-1 and 2 forms, allowing the assessment of oxidative stress 

state for clinical purposes. In 2014, Turell et al. described an external pH gradient 

chromatofocusing (EPGC) procedure, allowing not only the separation of different oxidized HSA 

forms but also N-terminal truncated forms [64]. However, despite its high separation power, 

coupling IEC to MS has been experimentally challenging due to the general incompatibility of 

commonly used mobile phases. High ionic strength and extreme pH eluent conditions interfere 
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with electrospray ionization (ESI) and atmospheric pressure chemical ionization (APCI) mass 

spectrometry interfaces. This can lead to MS detector saturation and physical damage to MS 

instrumentation over time. Recently, non-denaturing chromatography methods coupled with 

native MS have emerged for protein analysis. With volatile MS-compatible salts, several 

chromatographic methods, such as IEC, can be coupled online to MS to detect and characterize 

protein charge variants and HSA forms directly. Several studies have reported the ability of IEX 

to separate and quantify HMA from HNA-1 and HNA-2 oxidized forms of HSA[65–68]. In a 

recent study, Leblanc et al. developed a high-resolution IEX method coupled online to native MS 

to characterize and quantify various HSA forms simultaneously [69]. This innovative approach 

allowed the separation and identification of three oxidized forms of Cys34 (namely, cysteinyl, 

cysteinylglycinyl, and sulfinic forms), along with N-terminally truncated, glycated, and 

deamidated forms of HSA. These different forms were identified and quantified in HSA purified 

from human plasma.  

Conversely, RP/LC-based methods have the advantage of using MS-compatible mobile phases 

for direct form identification. However, they cannot separate HSA forms due to the slight 

differences in hydrophobicity resulting from PTMs. RP/LC coupled with a mass spectrometer 

allows proteins to be studied using either the top-down or bottom-up approaches. The top-down 

approach analyzes the intact protein and allows the assessment of the relative abundance of the 

different forms of the proteins. The chromatographic analysis prior to the MS detection enables 

the separation of HSA from the main interference. To date, the most widely used mass analyzer 

for these types of analysis is a quadrupole-time-of-flight hybrid (Q-TOF) [70]. The bottom-up 

approach is exploited to identify the protein residue/s involved in the structural modification. 

More frequently, high-resolution mass analyzers, such as Q-TOF or Orbitrap, are used for this 

type of analysis. Again, chromatography allows the separation of peptides generated by tryptic 

digestion, followed by ESI ionization. Then, the front quadrupole provides the selection of the 

most abundant multiply charged ions of peptides, which are then fragmented in the collision 

chamber. Fragment ions spectra are obtained for each peptide by a second analyzer (TOF or 

Orbitrap) [71]. The in-depth analysis of the fragment’s mass spectra allows the identification of 

the residue/s carrying structural alteration. Size-exclusion chromatography (SEC) is also worth 

considering among the chromatographic techniques that physically separate HSA altered forms. 

Indeed, SEC is the gold standard for detecting dimer and aggregate formation owing to its ability 

to resolve different compounds as a function of their hydrodynamic volume. For example, SEC 

has been used to evaluate dimer formation in the presence of high levels of oxidative stress or as 
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a function of temperature [72]. In addition to chromatographic methods, HSA alterations can be 

studied using capillary zone electrophoresis (CZE), in which analytes are separated based on 

differences in their electrophoretic mobilities [73]. It is worth to know that this technique, 

alongside with size exclusion and ion exchange chromatographies, allows analyses in a 

physiological-like environment (i.e., aqueous solutions).  

HSA structural alterations are also evaluated by spectroscopic techniques, mainly circular 

dichroism (CD) and fluorescence spectroscopy. As the conformation of HSA is closely related to 

its biological functions, CD analysis has been widely used to assess whether the secondary 

structure of HSA, together with its stability and functionality, is affected by (i) high temperature 

[74], (ii) molecules that induce oxidation [75], or (iii) exposure to surfactants [76]. Instead, the 

HSA fluorescence provided by a single tryptophan residue (Trp214) was used to assess stability, 

isomeric conformation, and conformational changes involving domain II containing Trp214 [77]. 

 

1.6.2 Analytical approaches for examining HSA functions 

A lot of research has also been devoted to developing analytical strategies for assessing HSA (i) 

binding capacity and (ii) antioxidant activity.  

(i) Binding capacity 

Over the years, the measurement of drug binding to HSA has been carried out by several 

techniques. Some of them are equilibrium dialysis, ultrafiltration (UF), ultracentrifugation (UC), 

high-performance affinity chromatography (HPAC), and spectroscopic approaches such as CD 

and surface plasmon resonance (SPR). Dialysis is based on the diffusion of unbound drugs 

between two compartments which are separated by a membrane permeable to small molecules 

but not to proteins. At equilibrium, the drug concentration is equal in the two compartments and 

is inversely proportional to the proportion of bound drugs. The unbound fraction can be quantified 

using fluorescence spectroscopy, UV-visible spectrophotometry, or LC-UV/MS. Recently, 

dialysis has been used for the evaluation of how carbonylation - induced by an α,β-unsaturated 

aldehyde - can affect HSA binding capacity for salicylic acid, naproxen, curcumin, and genistein 

[78]. In addition, it has been widely used to study the glycation-induced alteration of HSA binding 

capacity [79]. However, the main disadvantage of dialysis is the time required to reach the 

equilibrium [80]. In UF, the solution containing the mixture of drug and protein is forced through 

a membrane with pore sizes excluding the protein, and only the free drug fraction passes through 

it. This is generally done by centrifugation. As for dialysis experiments, the free drug fraction is 

equal in the two compartments and depends on the protein binding, as well as the non-specific 
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binding to the membrane. This percentage must be assessed in a parallel experiment without the 

protein, to isolate the contribution of protein binding. UF has been used to evaluate the alteration 

of the binding capacity of HSA induced by in vitro modification of the redox state of Cys34 and 

for the in vivo study of the effects on HSA functions caused by structural alteration [81]. In 

addition, it has been used to evaluate the HSA binding of endogenous substances (bilirubin and 

tryptophan) and drugs (warfarin and diazepam) in subjects with liver disease [82]. Finally, UF 

has applications in studies of glycation-induced alteration of HSA binding capacity [83]. UC 

prevents nonspecific binding to the membrane [84]. The initial drug concentrations in plasma and 

buffer before centrifugation represent the total drug concentration in plasma and the total free 

drug concentration, respectively. After centrifugation, the plasma is separated into three layers 

[84]: the lower layer is a solid protein pellet, the middle layer is aqueous, whereas the upper layer 

contains chylomicrons. Each layer is then isolated and analyzed individually. The drug in each 

layer must be extracted appropriately before analysis. The share of the drug in the aqueous layer 

represents the unbound drug fraction, while the sum of the shares in the other two is the bound 

fraction. UC has been used, for example, in the study of the binding of antiepileptic valproic acid 

to HSA [84]. HPAC is one of the techniques of choice for the evaluation of the affinity of an 

analyte for a protein of interest. This technique immobilizes a target protein (e.g., HSA) on a 

dedicated column. The column is then connected to an HPLC system, the drugs whose affinity is 

to be studied are injected, and after validation of the method, the retention time is evaluated. 

Drugs with a higher affinity for HSA have longer retention times and vice versa [71]. By front 

elution, relative breakthrough curve, and detection (e.g., by mass), it is possible to determine the 

equilibrium affinity constant (KA). Employing zonal elution and the retention factor (k), the 

percentage of drug bound can be determined, whereas, through displacement studies, the 

association constant at equilibrium can be derived. HPAC has been used to perform the most 

important binding studies with native and glycated albumin to describe the binding affinity 

towards various analytes. Joseph and Hage observed that L-tryptophan, a site II ligand, shows 

increased binding affinity to glycated HSA compared to native HSA [85]. Matsuda et al. observed 

a decrease in the affinity of glycated HSA for sulfonylureas, which can lead to an increase in the 

free fraction of the drug, which can cause hypoglycemia and may lead to inadequate blood 

glucose control [86]. HPAC offers high precision, automation, and speed. In addition, a single 

immobilized column can be used for numerous runs, decreasing the cost and amount of protein 

required. However, the zonal approach requires the consumption of a considerable amount of 

analyte consumption, which is a limit when small amounts of analyte are available (e.g., analytes 
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extracted from biological samples). In addition to structural analysis, CD spectroscopy has been 

widely adopted to characterize ligand-HSA interactions. The determination of affinity binding 

constants is based on the onset of induced circular dichroism (ICD), a typical CD signal 

characteristic of the complex between the protein and a prochiral molecule. Likewise, well-

characterized ICD markers can be leveraged for competition studies at the major binding sites of 

HSA, revealing the binding site as well as the binding mode of molecules [87]. Recently, several 

investigators have questioned the binding capacity of HSA as a function of structural alterations 

(e.g., glycation). Trynda-Lemiesz and Wiglusz studied the binding of meloxicam to glycated 

HSA using the fluorescence quenching method and CD spectroscopy [88]. They observed that 

the glycation of HSA has a significant impact on the influence of meloxicam on the binding of 

warfarin and bilirubin. Tramarin et al. investigate the impairment of pharmaceutical-grade HSA 

binding properties resulting from stabilizers addition, namely sodium octanoate and N-acetyl-

tryptophan [89].  

Optical biosensors based on surface plasmon resonance (SPR) represent a valuable technique and 

have seen steady growth in the analysis of biorecognition phenomena over the past two decades. 

SPR relies on immobilizing a ligand (usually a macromolecule) on a sensing surface and allowing 

the analyte to flow on the immobilized ligand [90]. SPR biosensing provides qualitative 

information (yes/no binding) and quantitative thermodynamic and kinetic data on complex 

formation without the requirement of labeling for detection. Indeed, SPR allows accurate 

measurement of the dissociation equilibrium constant (KD) and association-dissociation rate (kon, 

koff) of an interaction between two molecules, through the real time of monitoring formation and 

dissociation events. SPR phenomenon (Figure 1.5) occurs when a beam of incident light strikes 

a metal surface (typically a gold surface) located at the interface between two materials with 

different refraction indexes. Specifically, SPR senses any change of the refractive index of the 

sensing medium near the surface layer. At a certain incidence angle part of the energy of the light 

couples with the electrons of the metal surface. The refractive index near the metal surface 

determines the defined SPR angle at which resonance occurs. Changes in the reflected light 

resulting from the biomolecular interactions can be detected, and the association/dissociation 

events can be easily monitored because changes in the refractive index are directly related to the 

mass of the sample medium near the surface.  
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Figure 1.5. SPR Biosensing. At a certain angle of incidence, a portion of the energy of the light is coupled 

to the electron of the surface layer of the metal. a) The material's refractive index near the metal surface 

defines the SPR angle at which resonance occurs. b) After biomolecular interaction, a shift in the reflected 

light can be detected. The magnitude of the shift is directly related to the amount of ligand-analyte complex 

present. 

 

In addition, the dissociation rate constant of a drug-target complex provides easy access to 

evaluate residence time (τ), which is a valuable tool for better predicting the in vivo activity of a 

drug against a specific target, in combination with functional data [91]. It is also possible to study 

drug interactions and competition for the same binding site [92], differentiating between direct 

competition and negative allosteric modulation [93]. SPR biosensing approaches are also being 

developed to provide preliminary ADME behavior for new chemical entities. In this context, over 

the years, various experimental setups have been developed to study binding to two of the most 

abundant proteins in plasma, namely HSA and α-1 acidic glycoprotein (AGP) [94]. The affinity 

of a compound for HSA is a crucial data point that must be obtained in the early stages of drug 

development and is also necessary to determine the dose to be tested in subsequent clinical trials. 

Furthermore, altered HSA forms, as well as albumins from different species, can be immobilized 

on SPR platforms. The SPR approach may facilitate the correlation between structural 

modifications and HSA binding properties in the former case. In the latter case, it may underline 

the species-dependent binding and point out the caution necessary before extrapolating data for 

clinical trials. Moreover, a SPR-based assay to investigate the impairment of HSA binding 

properties in two different clinical conditions, DM and cirrhosis, is presented in Chapter 5. 

The versatility of the methodology grants the investigation of either simple protein/protein or 

protein/small molecule binding as well as monitoring interactants in physiological environments 
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(i.e., human plasma/serum). The low amount of sample required for screening makes SPR a 

suitable choice when a low amount of one/both interactants is available. Furthermore, the highly 

automated and integrated instrumentation minimizes operator procedures, thus improving the 

throughput and facilitating the screening of a series of interactants. The main disadvantage is 

related to the immobilization of the target protein, as this can hinder ligand binding [95, 96]. To 

date, most studies on the binding properties of HSA by SPR involve its immobilization on the 

sensor chip carboxymethyl dextran through amine coupling, at the end of which the amino-

terminal and ε-amino groups of HSA lysine are covalently bound to the pre-reacted dextran 

carboxyl groups [97].  

(ii) Antioxidant activity 

As previously mentioned, along with the binding capacity, another well-studied non-oncotic 

property is HSA antioxidant activity, which is strictly connected with the HSA structure. In 

details, this activity is mainly related to the presence of a free thiol group (at the Cys34 residue), 

which constitutes the largest pool of thiols in the circulation and to the binding capacity of the N-

terminal towards free transition metals such as iron and copper, which as free ions are susceptible 

to participate in the Fenton reaction. Consequently, structural changes induced by a pro-oxidant 

microenvironment can profoundly affect this function. To assess antioxidant properties, different 

analytical approaches are currently adopted (e.g., albumin cobalt binding assay (ACB), oxygen 

radical absorbance capacity assay - ORAC). The albumin cobalt binding assay (ACB) is a 

colorimetric assay that evaluates the NTS-site-mediated antioxidant activity of HSA. The value 

detected is called ischemia-modified albumin (IMA) and is an index of the reduced ability of 

HSA to bind cobalt ions: the higher the value of IMA, the lower the antioxidant capacity of HSA. 

This approach is employed in clinical practice and, thus, has been proposed as a sensitive marker 

of myocardial ischemia in patients undergoing percutaneous coronary intervention and as a 

biomarker for detecting myocardial ischemia before irreversible cardiac damage occurs [98]. 

ORAC is one of the most widely used and described analytical methods in the literature for the 

evaluation of antioxidant capacity, expressed as the scavenging ability of antioxidant molecules 

against free radicals generated by hydrogen peroxide (H2O2). In the case of HSA, the scavenger 

action of the N-terminal portion and the Cys34 residue toward ROS is evaluated [99]. As reported 

by Plantier et al., HSA scavenging capacity toward hydroxyl radicals (OH•) can be determined 

using the chromogen TMB (3,3’,5,5’- tetramethylbenzidine)[100]. According to this assay, 

hydroxyl radicals generated by the Fenton reaction oxidize the chromogen TMB, which in its 

oxidized form adsorbs at 656 nm. Antioxidant activity is measured by monitoring the decrease 
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in absorbance intensity at 656 nm. As with the ORAC assay, the estimation of antioxidant 

capacity is usually by comparison with a standard antioxidant. 

 

1.7 Modified circulating HSA in pathological conditions 

Over the years, the structural and functional integrity of HSA has been extensively studied. The 

modifications of HSA structure, such as oxidation, cysteinylation, and glycation, can occur in the 

bloodstream and affect its normal functions. Reduced levels of physiological HSA have been 

associated with increased risks of morbidity and mortality in conditions such as renal and liver 

diseases, rheumatoid arthritis, ischemia, cancer, and hypoalbuminemia [5]. Consequently, the 

structural modifications of HSA may serve as potential biomarkers for prognostic purposes in 

kidney and liver failure and aging. Oxidative stress, which increases with aging, leads to the 

oxidation of HSA and a decrease in its native form [39]. This imbalance in the overall redox state 

contributes to age-related complications, including an elevated risk of cardiovascular diseases. 

Oxidative stress and oxidized HSA are also linked to renal diseases, with significant oxidation of 

HSA observed in primary nephrotic syndrome. In patients undergoing hemodialysis, circulating 

levels of specific forms of HSA (HNAs 1 and 2) are essential indicators of oxidative stress status. 

The total fraction of HNAs is strongly associated with decreased creatinine clearance. Elevated 

levels of cysteinylated HSA characterized end-stage renal disease (ESRD), further promoting 

oxidative stress. These modifications of HSA impair its vasculoprotective properties, leading to 

cardiovascular complications in hemodialysis patients [13]. During ESRD, HSA functions are 

compromised, including reduced binding capacity and alterations in the N-terminal portion of the 

protein, which contribute to increased levels of ischemia-modified albumin (IMA) and a higher 

incidence of coronary heart disease [98]. Oxidative stress also plays a significant role in the 

pathogenesis of liver diseases, such as cirrhosis [101]. In addition to reduced protein production, 

cirrhosis affects the structural quality of HSA, resulting in increased levels of modified HSA 

forms, including HNA-1, HNA-2, and carbonylated HSA. Decompensated cirrhosis and acute-

on-chronic liver failure are associated with higher levels of HSA dimers, C- and N-terminal 

truncations, and cysteinylation. Quantifying these altered forms provides a better estimation of 

residual native HSA in plasma, which has been reported to be a more accurate predictor of patient 

survival after one year, if compared to the estimation of HSA content [102]. Cirrhosis also 

increases IMA levels, which worsens the severity of cirrhosis and leads to various complications. 

The carrier function for fatty acids, site-II ligands, and the antioxidant activity of HSA are 

significantly impaired in this context [103]. A large observational study conducted by Baldassarre 
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M. et al. recently provided compelling evidence regarding the association of "effective HSA" 

(concentration of non-modified HSA) with disease severity and liver dysfunction in patients with 

decompensated cirrhosis. Interestingly, this study found that effective HSA, as opposed to "total 

HSA" measured using conventional methods, holds greater prognostic power in these patients 

[104]. Additionally, specific forms of HSA appear to have a detrimental impact on the 

progression of liver diseases. For instance, HNA-1 has been implicated in patients with 

decompensated cirrhosis [105]. Conversely, native HSA likely plays a protective role by reducing 

the pro-inflammatory environment typically present in acute decompensated cirrhosis [106]. 

Furthermore, since serum glycated HSA increases in diabetic conditions, circulating levels of 

glycated HSA have been proposed as an indicator of diabetes and showed to perform better than 

glycated hemoglobin, as short-term marker [107]. Advanced glycation end products (AGEs) 

formed during this process have been implicated in developing diabetic complications such as 

retinopathy, cardiomyopathy, and nephropathy [108]. In a recent study involving T2DM patients 

with and without coronary heart disease (CHD), Piarulli et al. found that HSA forms can 

differentiate between different patient groups. In particular, glycated HSA levels were higher in 

T2DM patients with CHD compared to non-diabetic patients with CHD [109]. These 

observations have increased the interest and efforts towards the investigation of HSA 

modifications and whether they affect HSA properties or not. In this context, a 

multimethodological strategy to investigate the microheterogeneity of HSA forms and their 

binding capacity is presented in Chapter 4 and 5, respectively. 

 

 

Figure 1.6. Clinical implication of the equilibrium between physiological and modified HSA. HSA 

alterations as a diagnostic tool for disease progression in several pathologies.References 
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Chapter 2: Metabolomics tools for biomarker discovery: application in 

diabetic kidney disease 

 

2.1 General remarks 

Diabetic kidney disease (DKD) represents a prevalent and enduring complication of diabetes that 

significantly impacts global health. It stands as the foremost cause of chronic kidney disease (CKD) 

and end-stage renal disease (ESRD), accounting for approximately a half of all cases [1]. Typically, 

DKD is identified in diabetic individuals by the presence of CKD, lasting for at least three months. 

CKD is characterized by persistently elevated urinary albumin excretion (albumin-to-creatinine ratio 

[ACR] ≥ 30 mg/g) and/or reduced estimated glomerular filtration rate (eGFR < 60 mL/min/1.73 m2). 

As eGFR decreases and albuminuria increases, the risk of adverse outcomes, including mortality and 

ESRD, escalates. Notably, individuals with an eGFR below 30 mL/min/1.73 m2, corresponding to 

stage 4–5 of CKD, are classified as at high risk of poor prognosis, regardless of their albuminuria 

status [2]. In both developed and developing nations, diabetes represents a formidable public health 

challenge [3]. Type 2 diabetes mellitus (T2DM) accounts for approximately 90% of the global 

diabetes burden [3–5]. Over the past two decades, the global population affected by diabetes has more 

than doubled, primarily due to the obesity epidemic, which has witnessed nearly a tripling of obesity 

rates since 1975 [6]. Additionally, the rising prevalence of T2DM can be attributed to the aging of the 

global population and improved healthcare that has decreased mortality rates among individuals with 

diabetes [3]. Currently, more than 1/3 of the world's population is expected to develop diabetes during 

their lifetime. These individuals face a nearly two-fold higher risk of mortality from any cause 

compared to non-diabetics, and a life expectancy reduced by approximately six to seven years 

compared to the general population [7]. In 2021, the estimated global prevalence of diabetes among 

individuals aged 20–79 years was 11%, a figure that is projected to increase to 12% by 2045 [3].  

The kidneys are particularly vulnerable to microvascular damage in diabetes, with diabetic patients 

having twice the risk of CKD compared to non-diabetics. Despite the advances in diabetes 

management that have reduced the risk of developing CKD, the combination of increased life 

expectancy and the rising incidence of T2DM and T1DM has contributed to an increasing global 

prevalence of CKD [8]. In fact, the excess mortality related to T1DM and T2DM occurs mainly 

among CKD patients. [9], [10]. As a result, the prevention and timely diagnosis of CKD in individuals 

with diabetes constitute critical objectives in diabetes care [11]. 
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2.2 Diagnosis of DKD vs. Diabetic Nephropathy 

The terminology surrounding kidney complications in diabetes distinguishes between Diabetic 

Kidney Disease (DKD) and Diabetic Nephropathy (DN), as outlined by the Kidney Disease 

Improving Global Outcomes (KDIGO) international organization [12]. DKD is employed as a clinical 

diagnosis and is characterized by CKD in diabetic individuals. In contrast, the term DN is reserved 

exclusively for histological diagnosis, which involves the observation of glomerular changes in 

kidney biopsies [13]. Histologically, DN often exhibits distinct features such as thickening of the 

glomerular basement membrane, mesangial expansion, podocyte loss, and endothelial disruption, 

ultimately leading to the loss of nephrons. In diabetic patients, apoptosis and autophagy disruptions 

contribute to DN development [14]. Additionally, protein loss in the primary urine and a significant 

protein load in the proximal tubule can result in the loss of kidney tubules. The marked variability in 

the pathological features of DN can be attributed to the heterogeneous clinical presentation and 

disease progression. Since routine kidney biopsies are hardly ever performed in diabetic patients, the 

diagnosis of DKD is often assigned in cases where both CKD and diabetes coexist. The course of 

DKD varies considerably due to its diverse underlying causes [4]. Individuals with diabetes may 

experience CKD unrelated to diabetes, superimposed on DN, or specific kidney disease, such as 

glomerulonephritis, or primary or secondary forms of focal segmental glomerulosclerosis. 

 

2.3 Pathophysiological Mechanisms of DKD 

Chronic hyperglycemia and glomerular hyperfiltration serve as the primary causal factors of DKD in 

individuals with T1DM. Conversely, the pathophysiology of DKD in people with T2DM is more 

intricate, given the contribution of a bundle of cardiovascular risk factors to the development of 

microvascular damage, including obesity, hypertension, and dyslipidemia [15]. Hyperfiltration is 

believed to result from increased intraglomerular capillary pressure and plays a pivotal role in the 

onset and progression of DKD [16, 17]. Glomerular hyperfiltration typically manifests within 1 to 5 

years of T1DM diagnosis and is present in approximately 70% of individuals with T1DM and 50% 

of those with T2DM. Such condition is characterized by an eGFR ranging from 120 to 180 

mL/min/1.73 m2 or an absolute GFR exceeding a value calculated as the mean plus two standard 

deviations of GFR of age-matched healthy individuals. Glomerular hyperfiltration increases the 

combined risk of renal impairment and cardiovascular or renal mortality in patients with diabetes 

[18]. However, recent data from the Diabetes Control and Complications Trial/Epidemiology of 

Diabetes Interventions and Complications (DCCT/EDIC) study have raised questions about the 

significance of hyperfiltration in the progression of DKD [19]. Furthermore, elevated glucose flux 
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within cells can trigger the generation of ROS emerging as a central player in this process. The 

accumulation of ROS-induced intermediates diverts into the activation of various pathogenic 

signaling pathways, resulting in an array of cellular responses [20–22]. Collectively, these diversions 

spawn cellular dysfunction, inflammation, apoptosis, and fibrosis in cells subjected to excessive 

glucose flux. The pivotal role of ROS in instigating each of these processes becomes evident when 

considering that mitigating hyperglycemia-induced ROS generation can effectively prevent each of 

these detrimental outcomes (Figure 2.1) [23]. 

 

 

Figure 2.1. The complex pathogenesis of DKD. DKD arises from the interplay of genetic and environmental 

factors, resulting in metabolic and hemodynamic alterations, inflammation, and heightened reactive oxygen 

species (ROS) production. Mitochondrial dysfunction contributes to oxidative stress and advanced glycation 

end-products (AGEs) formation. DKD leads to structural and functional changes in the kidneys, particularly 

in the glomerulus and tubulointerstitium. Additionally, novel molecular markers discovered via urinalysis 

metabolomics, including albuminuria, hold promise for predicting DKD progression. The Figure was partly 

generated using Servier Medical Art, provided by Servier, licensed under a Creative Commons Attribution 3.0 

unported license. 
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2.4 Development of DKD 

Unlike the classic trajectory of DKD, which involves progressive hyperfiltration followed by 

albuminuria, proteinuria, and gradual decline in kidney function leading to ESRD, many individuals 

with T1DM do not conform to this pattern as well as the majority of subjects affected by T2DM [18]. 

In recent years, this concept has been challenged as the evidence suggests that DKD exhibits more 

significant heterogeneity in the contemporary era. Some individuals appear "protected" from DKD, 

but this cannot solely be attributed to their genetics. While there is evidence of genetic predisposition, 

most DKD-related genetic variants are found in non-coding regions. Genetics explain only a small 

part of CKD development, and their role in the disease's molecular processes remains uncertain. 

Furthermore, a notable proportion of DKD patients do not present albuminuria [24, 25]. Instances of 

regression of albuminuria have been documented in diabetes, indicating that elevated urinary albumin 

excretion does not inevitably signify progressive nephropathy [26]. Studies like the UK Prospective 

Diabetes Study (UKPDS) revealed that after 15 years of follow-up, among the 28% who developed 

an eGFR below 60 mL/min/1.73 m2, 51% did not exhibit prior albuminuria [27]. Likewise, the 

Diabetes Interventions and Complications Study Group reported that 11% of T1DM patients 

developed an eGFR below 60 mL/min/1.73 m2 after 14 years of follow-up, with 24% having no prior 

albuminuria [28]. These findings align with research in the United States, which demonstrated a 

decrease in the prevalence of albuminuria in T2DM from 21% in 1988–1994 to 16% in 2009–2014, 

despite an increasing prevalence of CKD stage 3–5 [29]. 

 

2.5 Screening for DKD 

Post-diagnosis annual screening of regular renal function, by assessing ACR and eGFR, is essential 

for T2DM patients [2]. This is critical because both measures correlate with mortality and ESRD 

progression independently and in combination [30]. T1DM adults should begin the annual screening 

within five years of diagnosis, with an increased frequency for those at higher risk or already 

displaying renal impairment [31]. Screening for albuminuria and eGFR can identify many patients at 

risk of developing DKD; however, significant and irreversible structural damages may already be 

present when DKD is diagnosed. An eGFR <60 ml/min/1.73 m2 indicates more than 50% loss of renal 

function. It's crucial to distinguish patients with a favorable prognosis from those with a poor 

outcome, especially in primary care. Some models incorporate clinical variables such as age, 

ethnicity, and retinopathy status for risk assessment, but much of the variability is based on eGFR 

and albumin excretion [32]. Notwithstanding the inclusion of additional patient variables improves 

predictive accuracy, a significant clinical need remains for identifying novel biomarkers that can 
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diagnose and risk-stratify DKD in diabetic patients earlier than current methods. Several individual 

biomarkers have been proposed, and some studies aim to identify risk profiles using urine proteomics 

[33], metabolomics [34, 35], and analysis of urinary exosomes (microRNA) [36]. Chapter 7 presents 

the investigation of the metabolic network of diabetic patients with and without DKD, exploiting a 

non-targeted metabolomic-based approach. The following is a brief overview of metabolomics in 

kidney disease, outlining the workflow steps and the major metabolic alterations associated with 

DKD found in various studies and described as potential markers. 

 

2.6 Metabolomics 

Among the omics sciences, metabolomics involves a thorough analysis of the metabolome obtained 

from a biological sample (such as cell, tissue, or biofluid) [37]. The term metabolome refers to whole 

set of metabolites of a defined organism. [38]. The metabolome of an individual reflects the state of 

their organism under distinct conditions. Since metabolite composition alters in response to 

physiological and pathophysiological stimuli, metabolomics effectively distinguishes phenotypic 

changes caused by various physiological states, diseases, or environmental variables. Over recent 

years, metabolomics has undergone significant advancements in analytical capabilities, garnering 

increasing interest among researchers. Its primary objective is to detect both endogenous molecules 

(metabolites influenced by the host genome) and exogenous molecules (metabolites stemming from 

the microbiome, pharmaceuticals, diet, or the environment) within a specific organism in a particular 

context [39]. 

The kidneys serve as a central organ of the body and are responsible for a wide range of physiological, 

biochemical, and endocrine functions. These functions involve waste product elimination, blood 

pressure regulation, maintenance of internal milieu homeostasis, metabolism of exogenous and 

endogenous compounds, and hormone synthesis [40]. Given this multifaceted role, the interplay 

between metabolism and kidney diseases is exceedingly intricate. Impairment of kidney functions 

influences both the organ itself and the systemic metabolisms. High-throughput metabolomics is one 

of the most effective means to assess renal health and the systemic repercussions of kidney diseases. 

The analysis of metabolite alterations yields valuable insights into the mechanisms underlying renal 

damage, potentially facilitating the identification of novel and distinctive biomarkers that enhance 

the diagnosis, prognosis, and therapeutic choices for renal disorders [41, 42]. 
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2.7 Metabolomic techniques 

Metabolomics employs a variety of analytical techniques to comprehensively analyze the complex 

metabolic profiles of biological samples. Among these, mass spectrometry (MS) and nuclear 

magnetic resonance (NMR) are the primary analytical tool of choice [43, 44]. NMR offers robustness, 

non-destructiveness, and gives precise information about molecular structure. However, it 

necessitates larger sample volumes and carries a higher instrument cost when compared with MS [45, 

46]. On the other hand, MS boasts superior sensitivity and resolution, enabling high-quality coverage 

of the metabolome with a low amount of sample required. Nevertheless, it often needs extensive 

sample preparation and chromatographic methods to reduce sample complexity and ion-suppression 

[47]. Multiple techniques are frequently combined to ensure a holistic view of the metabolome, each 

offering unique advantages and limitations. In this chapter, we focus on MS-based methods in 

metabolomics. 

The choice of sample introduction systems is a critical consideration in MS-based metabolomics. 

Direct injection without prior separation facilitates high-throughput analysis but may lead to ion 

suppression, low ionization efficiency, and difficulties in distinguishing between adduct and product 

ions. Gas chromatography (GC), liquid chromatography (LC), and capillary electrophoresis (CE) 

serve as essential devices for metabolite separation, enhancing both resolution and signal intensity. 

However, not all metabolites will be separated and detected, requiring a well-planned choice of 

separation technique based on sample characteristics and research objectives [48]. 

GC-MS is one of the first techniques cited in metabolomic studies. This technique is ideal for 

identifying and quantitating small molecular metabolites (<650 Da), often using chemical 

derivatization to make derivatizing the compounds to render it thermostable and volatile enough for 

gas chromatography. While it offers high sensitivity, resolution, and reproducibility, the derivatization 

process can be complex and prone to artifacts. For these reasons, it is less suited for high throughput 

due to the need for derivatization, which is still a topic of research [49]. LC-MS is the most prevalent 

choice, covering a broad range of metabolites without the need for derivatization. It requires positive 

and negative polarity analysis to measure diverse metabolites, but it is susceptible to matrix effects 

and ion suppression [50]. Different types of LC approaches are used in metabolomics, such as 

reversed-phase liquid chromatography (RPLC) for analyzing medium and low polar compounds and 

hydrophilic interaction liquid chromatography (HILIC) for polar and ionic compound profiling [51, 

52]. Although less common, CE-MS is invaluable for small to medium polar compounds, offering 

high separation efficiency and resolution. It excels in aqueous media and can complement RPLC-MS. 

The main drawbacks of CE-MS are i) its lack of robustness, with variability in migration time, ii) its 
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low sensitivity, and iii) the need for a sheath liquid that dilutes the analyte bands, which is essential 

to provide reproducible ionization, especially when electrospray is used. [53, 54]. 

The selection of the ionization source is another fundamental point of the MS technique and hinges 

on the sample type and research goals. Electron impact ionization (EI) is typically used in GC-MS, 

generating highly reproducible fragmentation patterns for precise identification. Electrospray 

ionization (ESI) is well-suited for LC-MS and CE-MS, accommodating a wide range of metabolites, 

particularly those with high to medium polarity [55]. Atmospheric pressure chemical ionization 

(APCI) is mainly used for low-to-medium polarity compounds of moderate molecular weight (up to 

∼1500 Da). In contrast to ESI, APCI has a better tolerance to salts and buffers, indeed, it is less prone 

to matrix effects [56]. 

The mass analyzer is the heart of the instrumentation, which primarily determines the mass of the 

compound under investigation. Available mass analyzers are quadrupole (Q), time-of-flight (TOF), 

ion trap (IT), Fourier-transform ion cyclotron resonance (FTICR), and orbitrap, as well as hybrid 

systems combining two of the basic mass spectrometers. (e.g., quadrupole time-of-flight (Q-TOF)). 

The choice depends on factors such as mass range, limit of detection, separation technique, ion source 

used, and required resolving power [57]. The quadrupole is cost-effective and has excellent durability 

and reliability. Q acts as a mass filter since it can discriminate and filter ions based on their mass-to-

charge ratio (m/z), intensity and charge state and can be used in tandem with other analyzers. The 

main drawbacks of this type of mass analyzer are that it provides only nominal mass accuracy with 

limited resolution and scan range. TOF analyzer provides rapid data acquisition and accurate mass 

measurement over a wide scan range, possibly separating ions with masses from a few Daltons to 

over 100 kDa. [48, 57] A tandem mass spectrometer is characterized by the presence of two or more 

mass analyzers, which can be built using analyzers of the same type or in a hybrid configuration by 

combining different types of analyzers. In tandem MS analysis (MS/MS), the first mass analyzer 

selects ions of a particular m/z value. It subjects them to fragmentation, while the second mass 

analyzer provides the separation of the resulting product ions. QqQ is the most used MS/MS 

instrument for quantification, whereas Q-TOF excels in untargeted metabolomics, offering high mass 

accuracy, resolution, and speed. The Q-TOF MSE technique, where E represents collision energy, is a 

valuable analytical method for metabolite identification [48, 57]. In MSE technique, two scanning 

functions operate simultaneously for data acquisition. In the first mode of operation, Q1 scans a range 

of m/z values and Q2 uses the low collision energy to transmit intact ions. These ions are detected by 

the TOF analyzer. In the second operation mode, Q1 scans, as in the first mode, over the same m/z 

range, but Q2 presents a high collision energy that causes the fragmentation of all ions. The resulting 
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ions are also detected by the TOF. In this way, two mass chromatograms are obtained, one with 

information on the intact compounds and the other with the fragmented ion pattern [57]. 

Metabolomics takes advantage of the strengths of liquid chromatography and mass spectrometry to 

reveal the intricate metabolic landscapes within biological samples. The unique characteristics of the 

metabolites of interest and the research objectives guide the selection of sample introduction systems, 

ionization sources, and mass analyzers. This dynamic interplay of techniques enables researchers to 

explore the metabolome and investigate the metabolic underpinnings of diverse biological systems. 

 

2.8 Type of studies: targeted vs. untargeted 

Two fundamental analytical approaches act for different research purposes in metabolomics: targeted 

and untargeted analysis [37]. The targeted metabolomics approach is employed to scan a predefined 

set of metabolites of interest, typically selected by guided procedure based on prior hypotheses such 

as specific metabolic pathways or compounds relevant to the biological question under investigation. 

The main goal of targeted analysis is the precise quantification of these metabolites, and triple 

quadrupole mass analyzers (QqQ) are the most popular instruments used for this scope since they 

typically offer a high sensitivity for the targeted compounds and provides a high level of confidence 

in compound identification [58]. In contrast, untargeted (also called as non-targeted) metabolomics 

analysis is conducted to capture comprehensive information from a sample, aiming at exploring the 

broadest spectrum of the metabolome [59]. This approach serves as a discovery tool, leveraging MS 

instruments such as TOF, Q-TOF, Orbitrap, Q-Orbitrap coupled to GC, LC, or CE, or single 

quadrupole instruments coupled to GC. Untargeted metabolomics seeks to achieve an extensive 

characterization of metabolites, offering a holistic view of metabolic changes associated with a 

specific condition or research question, often leading to the formulation of biological hypotheses [60]. 

One of the primary challenges in untargeted metabolomics is annotating and identifying the numerous 

detected compounds, given the diversity of chemical behaviors among metabolites [61]. Moreover, 

no analytical platform can detect all the metabolites at once due to the distinct physicochemical 

characteristics of different compound classes Therefore, a multiplatform approach is strongly 

recommended, adding complexity to data analysis [62]. The primary objective of the untargeted 

analysis is to analyze experimental groups in a semiquantitative manner differentially. However, the 

integration and interpretation of results remain challenging due to issues related to standardization, 

robustness, and reproducibility [63]. The validation of findings resulting from untargeted profiling 

often requires confirmatory targeted analysis, which can be resource-intensive and time-consuming. 

This has led to a recent trend in metabolomics known as multi-targeted metabolomics. In this 
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approach, a wide range of analytes is (semi)quantified through targeted analysis performed on a QqQ 

mass spectrometer, yielding reliable data [63]. 

 

2.9 Workflow in metabolomics 

This chapter section explains the main steps and considerations of the metabolomics workflow, 

focusing on the untargeted analysis, although some insights into targeted methods will be reported 

too. Figure 2.2 shows a diagram of the main steps in the metabolomics pipeline. 

 

 

Figure 2.2. Overview of metabolomics workflow. An outline of the main steps in general untargeted 

metabolomics analysis. Experimental design, where the whole process is designed and laid out, the animal 

or human model of the disease is developed, and biological samples are obtained. Sample treatment, divided 

into sample processing and handling (collection, storage, and transportation of samples), and sample 

preparation and metabolite extraction. Sample analysis to obtain the metabolomics data. Once the data has 

been obtained, the data treatment is carried out through: data preprocessing, when the steps of filtering noise, 

correction of data baseline, deconvolution and peak detection, alignment, and missing values imputations are 

performed; data pretreatment, when the data is normalized, scaled and transformed if necessary; and data 

analysis, when chemometrics tools are applied to carry out multivariate and univariate statistical analysis to 

obtain any significant features in the model. Annotation. The significant features are identified and annotated 

as metabolites. Finally, the biological interpretation of the identified metabolites is carried out through 

metabolic pathway analysis. The Figure was partly generated using Servier Medical Art, provided by Servier, 

licensed under a Creative Commons Attribution 3.0 unported license. 
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3.10.1 Sample collection 

In metabolomics, the accurate selection and handling of samples, from their collection to storage and 

treatment, plays a pivotal role in shaping the subsequent interpretation of results [64]. The entire 

process must be rigorously monitored and controlled to avoid the introduction of any confounding 

factors or biases. Metadata should be collected alongside the samples, as this information is essential 

for valuable data interpretation [65]. Nevertheless, metabolomics research has encountered 

challenges, particularly in sample collection, preparation, storage, and handling, leading to a lack of 

consensus and reproducibility issues between laboratories, potentially yielding erroneous molecular 

markers [66]. 

Developing guidelines and standard operating procedures (SOPs) for sample management is critical 

in the metabolomics workflow, especially in large clinical studies or epidemiological-scale 

investigations involving samples from diverse sources like biobanks [67], [68]. Recent efforts by 

Kirwan et al. have outlined best practices and guidelines for the preanalytical processes, 

encompassing collection, handling, and storage, to mitigate variability between biobanks and research 

centers [69]. 

Metabolomics encompasses a broad spectrum of sample types, comprising biofluids like urine, serum, 

plasma, saliva, cerebrospinal fluid, lung lavage, seminal fluid, tissues, feces, cells, and exhaled breath. 

In the context of metabolomics research for DKD, common sample types include urine, serum, 

plasma, and kidney tissue, which are expected to provide insights into the organ's endo-metabolome 

[37]. Urine stands out due to its non-invasive collection method, low protein and lipid content, non-

viscous nature, and direct interaction with the organ affected in DKD. Recommended urine handling 

procedures include the short-term storage at 4 ºC, prompt centrifugation, and long-term storage at -

80 ºC, typically without the need for preservatives, but with a maximum of two freeze-thaw cycles, 

[70]. Blood, serum, and plasma are valuable for tracing systemic metabolic changes. They offer 

relative ease of collection and exhibit low variability owing to homeostatic control [71]. Nevertheless, 

they present challenges associated with high-molecular-weight metabolites and proteins. Serum 

preparation involves clotting before centrifugation, introducing handling variations. Plasma 

preparation, although free from a clotting step, demands careful selection of anti-coagulants to 

prevent signal interference [72, 73]. Renal tissue is inherently heterogeneous due to distinct kidney 

regions with unique metabolic characteristics. Studying renal tissues allows for an in-depth 

exploration of the organ's metabolic changes and physiological status. However, the complexity of 

these samples and the vast array of metabolites present pose some challenges in obtaining systematic 

and reproducible results. To minimize variability, it is crucial to establish tissue-specific protocols 
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before initiating preanalytical processing. General recommendations encompass swift collection, 

flash-freezing in liquid nitrogen to arrest metabolism, and storage at -80 ºC, with minimal freeze-

thaw cycles. Solid phase microextraction (SPME) is emerging as a promising technique in 

metabolomic tissue analysis, simplifying and streamlining sample processing by integrating sample 

collection, preparation, metabolite extraction, and quenching into a single step [74]. 

 

3.10.2 Sample analysis 

In the sample analysis phase of metabolomics workflow, the prepared samples are ready for analysis 

using selected analytical equipment after meticulous sample collection, handling, and treatment. 

Throughout the sample analysis process, variations may arise, potentially affecting the quality of the 

analysis. These variations stem from various sources, including impurities, air bubbles, salt 

precipitates, column failures, alterations in mobile phase or background electrolyte composition and 

stability, and temperature fluctuations. In large-scale experiments involving numerous samples, 

batch-to-batch variation is a significant concern during data treatment [75]. Matrix effects, where 

molecules co-elute with the signal of interest and carryover are also important sources of variation in 

LC-MS [76]. Several analytical strategies and measures are employed to maintain control over the 

analysis. Qualification protocols for analytical instruments and computer systems ensure their proper 

performance. Serial dilutions from a pool of samples are used to detect matrix effects, while replicates 

enhance statistical accuracy and help identify potential sources of unwanted variation. Randomizing 

sample treatments prevents correlations between biological factors and the order of analysis. The 

inclusion of blank samples devoid of metabolites of interest is crucial for eliminating artifacts, 

contaminants, and other unwanted compounds. Internal standards (IS) provide information about 

retention time shifts, peak shape variations, or detector response alterations. Quality control samples 

(QCs) are routinely used to monitor analysis performance, with various types of QCs available, each 

with their own advantages and disadvantages [77].  

 

3.10.3 Data treatment 

Like other omics approaches, metabolomics generates a massive amount of complex data, requiring 

appropriate data handling with sophisticated bioinformatics techniques and a considerable time 

investment. As metabolomics studies are divided into two types, two data analysis strategies can also 

be found for targeted untargeted studies. This differentiation is due to the different types of data 

produced in each approach, which requires different data treatment accordingly [78]. 
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In the data treatment phase of metabolomics, the untargeted approach aims to study a wide range of 

analytes in a sample, including unknown metabolites, often yielding thousands of metabolite signals 

[79]. Managing and processing this extensive dataset is essential to extract meaningful insights 

without compromising experimental information [80]. This process starts with raw data processing 

to reduce data dimensions. The data pre-processing step focuses on enhancing signal quality and 

minimizing biases. Key goals include filtering background noise, correcting baseline distortions, 

deconvoluting and detecting peaks, aligning data from different samples, imputing missing values, 

and filtering data: 

- Noise filtering and baseline correction aim to separate signals from background noise, 

eliminating measurement noise and baseline distortions [81]. 

- Deconvolution and peak detection are an essential step for downstream analysis. These 

processes identify and quantify signals corresponding to compounds in the sample. The 

complexity of signals and noise sources makes it difficult to distinguish between noise and 

signal accurately, often requiring the adjustment of multiple parameters [82]. 

- Alignment. Once features have been detected, aligning them across different samples is 

necessary to remove signal shifts to ensure accurate comparisons. Several programs and 

techniques are available for alignment [83]. 

- Missing Values Imputation. Handling missing data is critical in untargeted metabolomics. 

Missing values can result from compounds being below the limit of detection, loss during 

processing, or absence in the sample. Different imputation methods, such as k-nearest 

neighbor (KNN), median/media substitution, minimum half substitution, or singular value 

decomposition (SVD), are used to address this issue based on the data's characteristics [84]. 

- Data Filtration is vital for obtaining high-quality data. Filtration criteria may include blank 

samples, coefficient of variation (CV) from quality control (QC) samples, or proportions of 

missing values. Recent approaches suggest data-adaptive filtration to remove noise effectively 

[85]. 

After these pre-processing steps, data pre-treatment follows, involving normalization, scaling, and 

transformation [86]. Normalization aims to adjust data for experimental fluctuations and unwanted 

biological variations, ensuring that relevant biological information is retained. The choice of 

normalization method depends on the specific dataset and factors contributing to variation. Although 

the concept of normalizing data is well known, and recent advances in pipelines have begun to be 

standardized, selecting an appropriate normalizing method for a specific data set is still challenging 

[87]. Scaling involves dividing each variable by a scaling factor, which changes per variable. This 
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process converts data into concentration differences relative to the scaling factor, helping to remove 

systematic bias. Scaling methods can be based on data dispersion or size measures, including 

autoscaling, Pareto scaling, range scaling, variable stability scaling, level scaling, and square root 

mean scale [88]. Transformation methods are nonlinear conversions used to correct data 

heteroscedasticity. Common transformation methods include logarithmic and power transformations 

[86]. 

Following adequate pre-processing and pre-treatment, metabolomics data is typically presented as a 

matrix, where rows represent samples and columns represent different metabolomic features. Feature 

annotation and identification are time-consuming, particularly in techniques like LC-MS or CE-MS. 

Therefore, data treatment often focuses on identifying significant features before annotation and 

identification [89].  

Data treatment involves applying chemometrics tools, including univariate and multivariate analysis 

methods (UVA, MVA), to extract biochemical information [90]. UVA evaluates individual 

metabolites independently, comparing their abundance levels across different groups. These methods, 

such as the Student’s t test, ANOVA, Mann-Whitney U test, or Kruskal-Wallis analysis, assess the 

statistical significance of differences and, therefore, are easy to use and interpret. Correction methods 

are applied to account for false positives and false negatives results. The main problem associated 

with these methods is that they do not consider the possible interactions between different features or 

how each feature affects the overall data set. This is due to the complexity of biological metabolomics 

data, correlations between features from the same or related pathways, and potential confounding 

effects [91]. On the other hand, MVA considers all metabolomic features simultaneously, identifying 

patterns and connections within the data. These methods can be divided into supervised or 

unsupervised methods. Unsupervised methods, like Principal Component Analysis (PCA), reveal data 

patterns and diversity, while supervised methods, like Partial Least Square Discriminant Analysis 

(PLS-DA) and Orthogonal Partial Least Squares Discriminant Analysis (OPLS-DA), build predictive 

models for group classification. PCA typically is the initial step in the MVA workflow within 

metabolomics. Its primary objectives are reducing the complexity of data and providing a clear and 

comprehensible representation. PCA identifies previously unknown patterns or groupings within the 

dataset. However, there may be cases where significant metabolic changes are not adequately 

represented or linked to major trends, or the groups are not distinct enough. In such scenarios, 

supplementary strategies like supervised methods become essential. Supervised methods necessitate 

prior knowledge of the experimental classes or groups to construct predictive models that anticipate 

future observations [92]. One standard algorithm employed in metabolomics as a supervised MVA is 
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PLS-DA. This method employs a linear regression model on the data matrix against the response 

vector, projecting both predicted and observable variables into a lower-dimensional space [93]. 

Proper data treatment enhances the reliability and interpretability of metabolomics results. 

 

3.10.4 Annotation and identification of compounds 

In targeted metabolomics, the identification of metabolites occurs early in the workflow. However, in 

untargeted analysis, this step typically comes at the end. Once significant features are obtained from 

experimental data, annotation and identification are performed because not all selected features 

represent actual compounds or metabolites; some could be related species like isotopes, neutral losses, 

or adducts of a particular metabolite. Therefore, annotation and identification become essential steps 

in the metabolomics workflow, albeit they can be time-consuming, especially in techniques like LC-

MS and CE-MS [94]. 

Researchers have recently explored computational approaches to expedite this process, making 

bioinformatics tools indispensable for annotation and identification in metabolomics [95, 96]. In this 

context, it is important to clarify some key terms: ion annotation assigns various chemical 

characteristics like adducts, charges, or losses to a single feature. Metabolite annotation assigns 

tentative metabolite candidates to a signal by comparing experimental masses to databases or library 

entries, often supported by other characteristics like retention time or fragmentation patterns. 

Identification involves comparing the properties of an authentic standard analyzed under identical 

conditions to those of the identified metabolite [97]. 

The Metabolomics Standards Initiative's Chemical Analysis Working Group (CAWG-MSI) 

established the first guidelines for metabolite identification and confidence levels in 2007 [98]. More 

recently, additional confidence levels have been proposed by authors like Schrimper-Rutledge S. et 

al., dividing level 2 of CAWG-MSI classification into two different levels. [99]. Following CAWG-

MSI and European Commission guidelines, the latest classification consists of a confidence scale and 

an identification score featuring a number indicating the primary category level, a letter explaining 

chromatographic characteristics based on relative retention time, and a final number representing the 

identification level [100] (Figure 2.3). In targeted metabolomics, authentic reference standards are 

used, providing unequivocal and highly confident identification by analyzing them alongside 

samples. Conversely, untargeted analysis relies on commercial and public spectral libraries and online 

databases to match experimental spectra, including MS, MS/MS, and MSE. Annotation is performed 

by comparing a feature's observed mass to a database of known metabolites, allowing for the 

determination of possible candidates [99]. Several accessible public databases are available for this 
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purpose, including METLIN [101], Human Metabolome Database [102], MassBank [103], 

LipidBlast [104], ChemSpider (http://www.chemspider.com/), mzCloud (https://www.mzcloud.org/), 

and GNPS [105]. For GC-MS analysis, commonly used databases include NIST and Wiley, along 

with the smaller yet popular FiehnLib [106]. Since each database may focus on specific metabolite 

groups or metabolic pathways, using multiple databases and sources is essential for comprehensive 

feature annotation. However, this approach can lead to redundancy; thus, programs that merge 

compounds from different databases are employed, such as CEUMassMediator and MetaboSearch 

[107, 108]. 

 

Figure 2.3. Metabolite identification and confidence levels classification in untargeted metabolomics. A) 

First classification presented by CAWG of MSI in 2007, including the recently added level 0. B) Classification 

proposed by Schrimper-Rutledge, S. and colleagues in 2016, dividing level 2 of CAWG-MSI classification 

into two different levels. 

 

3.10.5 Metabolic pathway analysis 

After completing the identification and annotation steps, the next crucial phase is to achieve biological 

interpretation of the metabolomics data. This interpretation involves understanding the interactions 

among metabolites within metabolic pathways to deduce underlying system mechanisms and derive 

comprehensive biological insights. It is essential to map the significant and annotated metabolites 

onto biochemical pathways to facilitate this step [109]. Several approaches are employed for this 

purpose. One of them is the enrichment analysis that enables the study of the relationship between 

http://www.chemspider.com/
https://www.mzcloud.org/
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metabolite concentrations and biological pathways. By identifying which pathways are enriched with 

significant metabolites, researchers gain insights into the biological processes affected by changes in 

metabolite levels. This analysis helps highlight the most relevant pathways associated with the 

observed variations in the metabolome [110]. Another helpful method is the correlation-based 

network analysis, which builds correlation networks based on metabolite profiles and can reveal 

intricate relationships and interactions among metabolites. Such networks can uncover potential 

regulatory mechanisms and help identify key metabolites that are central to the metabolic network 

under study. Moreover, combining metabolomics data with other omics data sources, such as 

genomics, transcriptomics, or proteomics, allows researchers to gain a more comprehensive view of 

biological processes. Integration across multiple omics approaches can elucidate complex 

interactions between genes, proteins, and metabolites, offering insights into the molecular basis of 

physiological and pathological conditions. 

To facilitate these analyses, specific databases and resources are exploited. The Kyoto Encyclopedia 

of Genes and Genomes (KEGG) provides a comprehensive collection of pathway information, 

including metabolic pathways, genetic information processing, cellular processes, and more. 

Researchers can map their identified metabolites onto KEGG pathways to understand their functional 

roles [111]. BioCyc is a collection of pathway/genome databases that cover a wide range of 

organisms. It offers detailed information on metabolic pathways, enzymes, and compounds, 

facilitating pathway analysis and interpretation [112]. MetaboAnalyst is a popular online platform for 

metabolomics data analysis. It offers a suite of tools for pathway analysis, including pathway 

enrichment analysis and visualization, helping researchers interpret their metabolomics data [113]. 

Recon3D is a comprehensive human metabolic network reconstruction integrating information from 

multiple omics levels. It can be used to model and analyze human metabolic processes, making it 

valuable for interpreting metabolomics data in the context of human physiology and diseases [114]. 

Using these databases and analysis tools, researchers can bridge the gap between raw metabolomics 

data and meaningful biological insights, ultimately advancing the understanding of complex 

biological systems and disease mechanisms. 

 

2.10 Biomarkers in metabolomics-based approaches 

In recent years, intense metabolomic workflows have been increasingly applied to the discovery of 

novel biomarkers, particularly in the study of medical disorders. In addition to identifying and 

analyzing the global metabolites present in a given organism, these types of analyses seek to identify 

the metabolites that contribute to the signature and represent the most valuable biomarkers. [115]. As 
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presented by the NIH Biomarkers Definitions Working Group, the definition of a biological marker 

(biomarker) is widely accepted and states that a biomarker is "a characteristic that can be objectively 

measured and assessed, serving as an indicator of normal biological processes, pathogenic 

processes, or pharmacologic responses to therapeutic interventions" [116]. An ideal biomarker is 

expected to exhibit several universal characteristics: i) non-invasiveness, ii) easy, rapid, and cost-

effective to assess in a standardized analysis, iii) presence in easily accessible clinical sources like 

blood or urine, iv) high sensitivity and specificity, v) ability to differentiate between healthy 

individuals and those with the disease, and vi) stability in the presence of comorbid factors. Moreover, 

for effective early disease detection, the biomarker should display rapid variation in its levels during 

the initial stages of the disease and maintain consistent stratification across different stages of the 

disease and its progression. Ultimately, an ideal biomarker should offer valuable biological insights 

into the underlying disease mechanisms [117, 118]. However, given the challenging nature of 

fulfilling all these criteria, biomarkers can be categorized into various types based on their specific 

objectives, as proposed by Noto et al. [119] and summarized in Table 2.1 

Table 2.1 Type of biomarkers. 

Type Objective 

Risk factor biomarker 
To determine the risk of suffering from or 

developing a specific disease 

Screening biomarker To assess a disease state 

Diagnostic index biomarker To recognize a state of evident disease 

Staging biomarker 
To stratify patients into different phases or classes of 

severity 

Prognostic index biomarker 
To predict the evolution of the 

morbidity 

Index of therapeutics response 

biomarker 

To monitor treatment with a certain 

therapeutic drug 

 

Discovery of a biomarker is just the first step in the journey of biomarker development. As presented 

by Pepe et al., this process is intricate and time-consuming, requiring four additional phases [120]. 

Initially, it is essential to translate a biomarker into clinical practice. This involves assessing its ability 

to detect a well-established disease through a clinical assay and evaluating its capability to identify 

the disease at early stages, even before clinical symptoms manifest. This evaluation involves 
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determining sensitivity and specificity. Subsequently, the biomarker can undergo validation by 

screening a population, which entails identifying the rate of "false referrals" and assessing the impact 

of screening on reducing the overall disease burden [120]. 

 

2.11 Metabolomics studies of new biomarkers in DKD  

In the literature, numerous articles can be found about metabolomics studies in models or in patients 

with DKD that identify promising metabolites that could act as biomarkers. The search in the 

SciFinder(n) database in the last five years with the terms metabo* AND “biomarkers” AND “diabetic 

kidney disease” returns 239 publications. However, when the term validation comes into play, the 

number of articles that advance to the phases of biomarker translation and its validation process 

decreases drastically. Among these research, one of the most relevant involved a large cohort of 894 

participants of the Chronic Renal Insufficiency Cohort (CRIC) study [121]. The cohort consisted of 

thoroughly characterized individuals affected by diabetes and CKD. Elevated levels of specific 

plasma biomarkers associated with kidney tubular injury, inflammation, and fibrosis, including KIM-

1, TNFR-1, TNFR-2, MCP-1, suPAR, and YKL-40, were linked to an increased risk of DKD 

advancement. Notably, when considering the influence of other biomarkers, higher levels of TNFR-

2 exhibited the most robust association with disease progression. These findings validated prior 

research on TNFR-1, TNFR-2, and KIM-1 while introducing new insights into suPAR and YKL-40 

as potential plasma markers for tracking the progression of diabetic kidney disease, although further 

confirmation is needed. Additionally, in another CRIC study encompassing 1,001 participants with 

DM and CKD, urinary levels of 3-hydroxyisobutyrate and 3-methylcrotonyglycine exhibited 

significant negative associations with eGFR slope, while aconitic and citric acid levels displayed 

positive associations. These metabolites held implications for the risk of ESRD requiring kidney 

replacement therapy [122]. 

In a study involving 78 diabetic patients, a combination of serum metabolites coupled with MVAs 

demonstrated a remarkable capacity to distinguish individuals afflicted with DKD with precision 

[123]. Within this investigation, a selection of five specific metabolites (γ-butyrobetaine, symmetric 

dimethylarginine, azelaic acid, and two unidentified compounds) yielded an impressive Area Under 

the Curve (AUC) value of 0.927 for the diagnosis of DKD. Another independent study, comprising 

both healthy controls and patients diagnosed with T2DM, revealed significant disparities in serum 

metabolite levels, particularly leucine, dihydrosphingosine, and phytosphingosine, between these two 

distinct patient groups [124]. 
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In the context of the SUMMIT study, a composite approach incorporating biomarkers of tubular 

damage such as KIM-1 and β2-microglobulin, in conjunction with metabolite markers, was employed 

to predict the rapid progression of DKD among individuals with T2DM. A comprehensive analysis 

encompassed the measurement of 207 serum biomarkers, with 12 of these biomarkers displaying 

noteworthy associations with rapid progression, all of which were adjusted for relevant clinical 

characteristics. The consolidation of 14 serum biomarkers notably enhanced predictive capability, 

elevating the baseline AUC from 0.706 to 0.868. Some of the pivotal biomarkers included in this 

predictive model comprised fibroblast growth factor-21, the ratio of symmetric to asymmetric 

dimethylarginine, β2-microglobulin, C16-acylcarnitine, and KIM-1 [125]. 

Furthermore, investigations have explored urine metabolites in the quest to identify relevant 

biomarkers. Notable examples of these include octanol, oxalic acid, phosphoric acid, benzamide, 

creatinine, 3,5-dimethoxymandelic amide, and N-acetylglutamine [126]. One remarkable study 

adopted a holistic approach by considering both plasma and urinary metabolites to enhance the 

predictive utility of metabolomic markers. In a study involving 90 patients with T2DM, the levels of 

urine hexose, glutamine, tyrosine, as well as plasma butenoylcarnitine and histidine, were found to 

be predictive of the development of albuminuria, independently of baseline albuminuria levels, eGFR, 

and the usage of renin-angiotensin system (RAS) blockers [127]. 

Recently, a study conducted among 2,670 patients with type 1 DM as part of the Finnish Diabetic 

Nephropathy study identified seven urinary metabolites, including leucine, valine, isoleucine, 

pseudouridine, threonine, citrate, and 2-hydroxyisobutyrate, that were associated with the progression 

of DKD, even after accounting for baseline albuminuria and CKD stage. Furthermore, six amino acids 

and pyroglutamate were linked to the progression of DKD in individuals with macroalbuminuria 

[128]. 

However, it is important to note that most of the studies mentioned are cross-sectional in nature. For 

this reason, there is a pressing need for more prospective research attempts to assess the predictive 

utility of these metabolites rigorously. Additionally, the replication of these findings in diverse cohorts 

is essential not only for the identification of therapeutic targets but also to enhance the clinical 

management of DKD. 
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Scope of the thesis 

Increased levels of oxidative stress and inflammation are pivotal in various pathological conditions, 

including diabetes and cirrhosis [1]. Understanding the molecular alterations associated with these 

conditions is crucial for developing effective diagnostic tools and personalized therapeutic strategies. 

Investigating such abnormalities requires a combination of advanced analytical approaches to profile 

and assess the extent of pathology-related alterations. Samples under study are characterized by an 

inherent complexity and high sample-to-sample variability. Advancements in analytical strategies and 

instrumental tools nowadays offer opportunities for combined analyses of such complex samples [2]. 

The selection of the most appropriate technique(s) hinges on the specific biomolecular system under 

investigation and the desired information to be gathered. Moreover, it should be considered that a 

wisely designed combination of different techniques holds the potential to foster a more 

comprehensive understanding of the subject under investigation [3].  

In this context, this PhD thesis embarks on developing and applying advanced analytical methods to 

investigate alterations at both macromolecule and small molecule levels in patients affected by 

chronic conditions characterized by enhanced oxidative stress and inflammatory state with a 

particular focus on one of the most common complications of type 2 diabetes: diabetic kidney disease 

(DKD). Currently, standard clinical practice for assessing DKD severity involves measuring 

estimated glomerular filtration rate (eGFR) and albuminuria. However, not all patients with abnormal 

albuminuria or impaired renal function progress to end-stage renal disease (ESRD). For this reason, 

intense research aims at finding additive markers and developing new methods for an early detection 

of renal dysfunction. Retrieved information may also be useful for a better understanding of 

alterations in metabolic pathways in these pathological conditions. 

The primary macromolecule of interest in this work is HSA. HSA is the most abundant protein in 

plasma and is essential for maintaining physiological homeostasis, holding great clinical significance. 

While its primary function as an oncotic agent is stabilizing intravascular volumes, HSA exhibits a 

wide range of non-oncotic properties. These include deactivating free radicals and binding and 

transportation of endogenous and exogenous molecules. However, various structural alterations can 

occur during HSA lifespan in plasma. These modifications have garnered scientific interest as they 

may serve as potential markers for certain chronic pathological conditions.  

To get insights into structural modifications involving HSA, a high-resolution mass spectrometry 

(HRMS) top-down approach was selected and applied to samples from a cohort of 117 diabetic 

patients affected or not by DKD; Metabolic Diseases & Clinical Dietetics and the Nephrology, 



58 

 

Dialysis and Transplantation Units at the IRCCS Azienda Ospedaliero-Universitaria di Bologna, 

Bologna, Italy, oversaw patients’ recruitment. In particular, high-performance liquid chromatography 

coupled to electrospray ionization/quadrupole time-of-flight mass spectrometry (HPLC-ESI-Q-ToF) 

was exploited to evaluate microheterogeneity profile, the relative amount of each HSA form and to 

assess which HSA forms possibly correlate with the severity of renal damage in DKD patients.  

Due to key physiological functions of HSA - and considering that extensive structural alterations may 

lead to functional impairment - we also explored HSA alterations in its binding capacity by exploiting 

surface plasmon resonance (SPR) technology. The natural microheterogeneity of circulating HSA 

implies a series of alterations which are also detected in physiological and worsen in pathological 

conditions. In this scenario, the ability to selectively capture the patient's pool of circulating forms of 

HSA is paramount, so appropriate sensing surfaces were designed, developed and validated to assess 

HSA binding affinity in disease states.  

The same sensing surfaces can also find applications in other fields where affinity to HSA needs to 

be assessed. In particular, previously validated HSA-based sensor chips were exploited within a 

collaboration project focused developing a combination therapy for treating triple-negative breast 

cancer. The sensing surface is employed to conduct binding affinity studies to assess whether three 

innovative bioresponsive prodrugs, engineered to incorporate both paclitaxel, as a chemotherapeutic 

agent, and the indoleamine 2,3-dioxygenase 1 (IDO1) inhibitor NLG919, have the capability to 

interact with HSA. The goal of this study is to tailor these prodrugs into biomimetic and carrier-free 

nanobinders, exploiting HSA as an endogenous vehicle for targeted drug delivery to the tumor site. 

Since pathological status are associated to alterations involving both large and small molecules, 

research should also be extended to small molecules, focusing on metabolic network analysis. A direct 

interaction between the kidneys and the metabolome is present through various renal mechanisms, 

such as glomerular filtration, tubular secretion, and catabolism, even with eGFR within the normal 

range. Moreover, diabetes as a metabolic disease directly affects the levels of circulating metabolites. 

The exact interplay between the kidneys and the metabolome in DKD is incompletely understood. In 

this context, metabolomic strategies are a promising and rapidly evolving area of research that may 

contribute to a better understanding of the role of metabolism in DKD and possibly reveal novel 

biomarkers and future therapeutic targets. In this thesis, a comprehensive characterization of polar 

metabolites from plasma samples of 68 out of the 117 diabetic patients is conducted exploiting a 

metabolomics strategy based on untargeted analysis by HRMS coupled with HILIC liquid 

chromatography. Sophisticated data analysis methods, statistical, and bioinformatics approaches are 

also employed to dissect metabolite alterations in diabetic patients without DKD versus those 
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encountered in patients affected by DKD. This last study was conducted in collaboration with the 

Center For Metabolomics and Bioanalysis (CEMBIO), Universidad San Pablo CEU, Madrid, Spain 

(under the co-tutorship of Profs. Coral Barbas and Francisco Javier Rupérez Pascualena).  
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Chapter 4. Assessing serum albumin levels and forms as potential 

biomarkers for kidney disease in type 2 diabetes mellitus patients 

 

Data and procedures reported and discussed in this chapter are included in the following manuscript: 

 

Nugnes, M.; Baldassarre, M.; Ribichini, D.; Tedesco, D.; Capelli, I.; Vetrano, D.; Marchignoli, F.; 

Brodosi, L.; Pompili, E.; Petroni, M.L.; La Manna, G.; Marchesini, G.; Naldi, M.; Bartolini, M. 

Association Between Albumin Alterations and Renal Function in Patients With Type 2 Diabetes 

Mellitus. International Journal of Molecular Sciences, 2024. Revised version (minor revision) 

submitted. 

 

Preprints of the manuscript (2024010973) are also available at. 

https://doi.org/10.20944/preprints202401.0973.v1 

 

4.1 Background 

HSA is a multifunctional protein with a crucial in maintaining the physiological homeostasis [1]. It 

represents the most abundant protein in plasma, contributing significantly to oncotic pressure, 

scavenging of radicals, and transportation of various compounds, including hormones, fatty acids, 

and drugs [2]–[4]. While HSA osmotic regulation stems from universally conserved characteristics, 

such as high molecular weight and negative net charge, its non-oncotic functions depend on its 

dynamic and microheterogeneous structure, which can be influenced by various physiological and 

pathological factors [5, 6]. In this context, emerging evidence suggests that HSA undergoes structural 

alterations in response to different disease states [7–9]. One of these disease states is diabetes mellitus 

(DM), encompassing both Type 1 (T1DM) and Type 2 (T2DM) diabetes. DM is a global public health 

concern, and among its complications, diabetic kidney disease (DKD) stands as the most common 

and chronic complication, affecting up to 40% of the 400 million T2DM patients worldwide and 

contributing significantly to the burden of end-stage renal disease (ESRD) [10, 11]. While traditional 

diagnostic markers for DKD, such as albuminuria and estimated glomerular filtration rate (eGFR), 

are still valuable, they often are unable to provide early detection and accurate progression prediction 

[12, 13]. In recent years, research for a sensitive biomarker that can promptly diagnose DKD and 

facilitate timely therapeutic interventions has focused primarily on proteins [14–17]. However, many 

of these proposed biomarkers lack rigorous external validation through well-powered studies with 

relevant renal endpoints [15]. 

https://doi.org/10.20944/preprints202401.0973.v1
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A recent study involving patients with liver cirrhosis unveiled a significant reduction in total serum 

albumin concentration (tHA), a common feature of this condition, which was accompanied by 

extensive HSA structural changes, primarily truncations and oxidation at the unique cysteine residue 

(Cys34) not involved in an intra-disulfide bridge [18]. Given the high plasma concentration of HSA, 

Cys34, in its reduced and native form, serves as the primary reservoir of free thiol groups, and most 

of scavenging capabilities of albumin are related to the integrity of such a residue [19]. Consequently, 

in those patients, a more pronounced reduction in the native form of the protein (nHA) compared to 

tHA was observed because of structural alterations affecting the residual amount of circulating HSA 

(not all tHA is in native form). This observation led to the introduction of the concept of “effective 

albumin concentration (eHA)”, namely the concentration of HSA in its native form. In the case of 

decompensated liver cirrhosis, eHA demonstrated to have a higher diagnostic and prognostic power 

compared to tHA [18]. 

Hypoalbuminemia, a pathological condition characterized by low plasma levels of HSA, is 

considered a reliable clinical indicator of DKD, being often associated to impaired kidney function 

and to an unfavorable prognosis in individuals with T2DM and renal damage [20–23]. Moreover, 

previous research has highlighted the occurrence of structural alterations in HSA in T2DM patients 

with renal impairment and has proposed the oxidized form of the protein as marker for monitoring 

disease progression [24, 25]. 

Based on these premises, the primary aim of the present study was to assess the concentration of two 

HSA-related parameters, namely eHA and reduced HSA (rHA), the latter representing the 

concentration of all HSA forms bearing Cys34 in its reduced form (i.e., bearing a free thiol group) in 

a cohort of T2DM patients, with and without DKD. The final aim of this evaluation is to determine 

whether these parameters can be used as complement parameters in the early diagnosis of renal 

impairment. 
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4.2      Materials and methods 

 

4.2.1 Patients and study design 

Patients were screened for study enrollment among those attending the outpatient clinic of the 

Metabolic Diseases & Clinical Dietetics Unit and the Nephrology, Dialysis and Transplantation Unit 

of the IRCCS Azienda Ospedaliero–Universitaria di Bologna, in Bologna (Italy). Inclusion criteria 

were: a diagnosis of T2DM for at least one year, and renal function at various stages (G1–5), 

with/without albuminuria (A1–3), allowing coverage of DKD complications. Recruited subjects were 

classified based on the severity of renal dysfunction, using a combination of albuminuria levels and 

eGFR category, as recommended by the clinical practice guidelines for evaluating and managing 

chronic kidney disease (KDIGO) [26]. For this study, the categories were grouped and indicated with 

different names and colors representing the risk of progression of DKD: in green diabetic patients 

with low risk of developing DKD (DM–DKD), in yellow diabetic patients with moderate increased 

risk (DM+DKD I), in orange diabetic patients with high risk (DM+DKD II), and in red diabetic 

patients with very high risk (DM+DKD III).  
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Table 4.1. Classification of the 117 diabetic patients based on eGFR and albuminuria parameters. The 

number of patients belonging to each category is given. Categories were defined following KDIGO 2020 

guidelines [26]. 

 

Vital parameters were assessed in all patients: weight, height, body mass index, systolic and diastolic 

blood pressure, and a medical history collection was conducted to survey drug therapy. Blood samples 

were collected on fasting and were centrifuged at 3000 g for 10 minutes; serum was aliquoted into 

cryotubes (Corning Inc., Corning BV, Amsterdam, The Netherlands) and stored at –80°C until 

analysis. The local institutional review board approved the study protocol, and written informed 

consent was obtained from patients or legal surrogates before enrolment, according to the 1975 

Declaration of Helsinki. 

 

4.2.2 Bromocresol green colorimetric assay 

Total albumin serum concentration (tHA) was determined by BCG (bromo-cresol green) colorimetric 

assay, adapting on a smaller scale the well–established method currently used in clinic [27]. BCG 

reagent contains 0.2 mM BCG, 0.1 mM succinate buffer pH 4.2, and 0.8% v/v Tween®20. Serum 

samples were diluted five folds in ultrapure water. A 5 µL aliquot of diluted serum samples was added 

to 200 µL of BCG reagent and taped lightly to mix. Samples were incubated for 5 min at room 

temperature. Blank solutions were prepared in parallel and contained all components except plasma 

sample. 200 µL of each sample or corresponding blank solution were transferred to wells of a 

transparent 96–well flat–bottom microplate, and absorbance in the range 570–670 nm (peak 

absorbance at 620 nm) was measured using a Spark® multimode microplate reader (Tecan, Austria). 
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HSA quantitation was performed by interpolating absorbance value at OD620nm in a calibration curve 

previously built using HSA standard solutions at increasing concentrations (5.0, 7.5, 10, 15 e 20 

mg/mL). A standard curve was run with each set of assays. All assays were performed in triplicate. 

 

4.2.3 Liquid-chromatography mass spectrometry analysis 

The LC–MS/MS method previously reported by Naldi et al. to quantify HSA structural alterations 

was slightly adapted [28]. Serum samples were diluted 1:100 with ultrapure water and filtered through 

a 0.22 μm syringe filter with a 3 K cut-off (Merck KGaA, Darmstadt, Germany). HPLC analyses 

were conducted on an Agilent 1200 HPLC System (Walbronn, Germany). The chromatographic 

separation of HSA from other plasma proteins was achieved using a Phenomenex Jupiter C4 column 

(5 μm, 300 Å, 150 mm × 2.0 mm i.d.). A gradient was developed with mobile phases A 

[water/acetonitrile/formic acid (99/1/0.1, v/v/v)] and B [acetonitrile/water/formic acid (98/2/0.1, 

v/v/v)] as follows: 20–70% B, in 5 min; 70% B for 1 min. In between injections, the column was 

equilibrated for 5 min with starting conditions. The flow rate was set at 0.4 mL/min, and the injection 

volume was 3 μL. A Quadrupole–Time of Flight hybrid mass analyzer (Q–ToF Micro, Micromass, 

Manchester, UK) with a Z–spray electrospray ion source (ESI) was employed for the mass 

spectrometry analysis. The capillary voltage and cone voltage were set at 3.0 kV and 40 V, 

respectively. The ESI–Q–ToF source temperature was set to 150°C while the desolvation temperature 

was set at 300°C. The scan time was set at 2.4 s, while the interscan time was set to 0.1 s. The 

desolvation gas flow was set at 1000 L/h, and the cone gas flow was 120 L/h. The total ion current 

(TIC) chromatograms were acquired in positive polarity in 1000–1800 m/z range. Using the 

maximum entropy (MaxEnt1)–based software included with MassLynx software, the HSA baseline–

subtracted spectrum (m/z 1084–1534) was deconvoluted into a genuine mass scale. The output 

parameters were as follows: mass range 61500–71500 Da and resolution 2 Da/channel. The relative 

abundance of each HSA form was estimated by dividing each form intensity (obtained from the 

deconvoluted spectrum) by the sum of all forms’ intensities and multiplying them by 100. A carefully 

evaluation of the accuracy of deconvoluted spectra by comparing them with raw ESI spectra and 

assessing the consistency of relative abundances across different charge states was assessed. 

Microsoft Excel software (Microsoft Corporation, Redmond, WA) was used for data analysis.  
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4.2.4 Assessment of eHA and rHA concentrations 

eHA and rHA were calculated using the following formulae [18]:  

𝑒𝐻𝐴 (𝑔/𝑑𝐿) = (𝑡𝐻𝐴 (𝑔/𝑑𝐿) × 𝑛𝐻𝐴 (%))/100       (1) 

𝑟𝐻𝐴 (𝑔/𝑑𝐿) = (𝑡𝐻𝐴 (𝑔/𝑑𝐿) × 𝐻𝑀𝐴 (%))/100      (2) 

where nHA is the amount of native HSA, HMA is the amount of HSA forms with reduced Cys34, as 

assessed by LC–MS analysis, and tHA is total HSA concentration, as evaluated by the BCG assay.  

 

4.2.5 Statistical analysis 

This study presented normally distributed data as mean values accompanied by their standard 

deviations (SD), whereas non-normally distributed parameters were summarized using the median 

and interquartile range. To ascertain data distribution, the Kolmogorov–Smirnov test was initially 

conducted, while the homogeneity of variances was assessed by the Levene test. Categorical variables 

were expressed as absolute frequencies and percentages. Comparisons between groups were assessed 

using the unpaired Student t test or the Mann–Whitney U test. In cases involving three or more groups, 

an analysis of variance (ANOVA) was performed, followed by a post-hoc analysis with Bonferroni's 

correction to address multiple comparisons. The Kruskal-Wallis test followed by the Dunnett’s test 

was used compare not normally distributed data. As a sensitivity analysis data were exponentially 

transformed and analyzed by the one-way ANOVA followed by the Bonferroni post-hoc test. 

Spearman's correlation analysis was employed to investigate the associations between clinical 

parameters and the levels of tHA, rHA, and eHA. Finally, the sensitivity and specificity of these 

parameters in diagnosing kidney damage were determined using Receiver Operating Characteristics 

(ROC) curve analysis. The resulting AUC were compared according to the DeLong method. Finally, 

a multivariable logistic regression analysis with backward selection was performed to test the null 

hypothesis that the eHA and rHA carries the same odds for renal impairment. All statistical tests were 

two-sided, and a 95% confidence level was chosen to test the null hypothesis. Data analysis was 

conducted using GraphPad Prism 8.4.2 (GraphPad Software, San Diego, CA, USA) and the Statistical 

Package for Social Sciences (SPSS version 25; IBM Corp., Armonk, NY).  
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4.3       Results and discussion 

 

4.3.1 Study population 

One hundred and seventeen patients attending the Metabolic Diseases & Clinical Dietetics and the 

Nephrology, Dialysis and Transplantation Units at the IRCCS Azienda Ospedaliero-Universitaria di 

Bologna, Bologna, Italy, were included in the present study. Based on the KDIGO 2020 guidelines, 

participants were categorized into either control group (–DKD) or +DKD I-III group, depending on 

their levels of albuminuria and eGFR [26]. Participants with an eGFR greater than 60 mL/min/1.73 

m2 were considered as controls (42 patients, 36%). In contrast, those with an eGFR lower than 60 

mL/min/1.73 m2 and albuminuria levels equal to or exceeding 30 mg/g were classified as DKD 

patients. The anthropometric and clinical profiles of individuals included in these two groups are 

summarized in Table 4.2. In brief, individuals in the DKD group were found to be older and were 

more frequently receiving treatments for hypertension and diuretics. Additionally, the DKD group 

displayed lower levels of cholesterol, low-density lipoprotein (LDL), high-density lipoprotein (HDL), 

and elevated levels of triglycerides. This is not surprising since, in advanced disease stages, total 

cholesterol and LDL levels are usually normal or even low. However, growing evidence emphasizes 

that patients affected by kidney impairment present a unique lipid profile that differs from the general 

population [29]. Not surprisingly, the DKD group exhibited more compromised renal function, as 

evidenced by higher levels of creatinine and albuminuria and lower eGFR values (see Table 4.2). 

 

Table 4.2. Anthropometric and clinical data of patients with (+DKD I-III) and without renal impairment (–

DKD). 

 No DKD DKD  p value 

 n = 42 n = 75  

Anthropometric data    
 Age (years) 63 (56-67) 70 (64-74) <0.001 

  Male sex (n, %) 29 (69) 52 (69) 1.000 

  BMI 28.7 (25.8-34.4) 32.3 (27.4-36.5) 0.114 

Drug therapy    

  Anti-hypertensives (n, %) 31 (74) 62 (83) 0.340 

       ACE inhibitors (n, %) 15 (48) 29 (47) 0.883 

       Angiotensin receptor blockers (n, %) 13 (42) 27 (44) 0.882 

       Diuretics (n, %) 6 (14) 32 (43) 0.002 

  Metformin (n, %) 29 (70) 42 (56) 0.175 

  Insulin (n, %) 15 (36) 40 (53) 0.083 

  Other glucose-lowering therapies (n, %) 22 (52) 43 (57) 0.699 

      Sulfonylureas (n, %) 4 (18) 10 (23) 0.222 

      DPP-4 inhibitors (n, %) 7 (32) 13 (30) 0.896 

      GLP-1 Receptor agonists (n, %) 8 (36) 21 (49) 0.298 

      SGLT-2 Inhibitors (n, %) 5 (12) 3 (4) 0.067 

  Statin/fibrates (n, %) 26 (62) 50 (67) 0.687 

Biochemical parameters    
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  HbA1c (%) 7.0 (6.4-7.6) 7.1 (6.2-7.6) 0.952 

  Glucose (mg/dL) 133 (110-155) 123 (110-151) 0.496 

  Total cholesterol (mg/dL) 172 ± 35 149 ± 31 0.001 

  HDL (mg/dL) 47 ± 9 41 ± 9 0.005 

  LDL (mg/dL) 101 ± 31 79 ± 27 0.002 

  Triglycerides (mg/dL) 122 (87-177) 166 (116-204) 0.032 

  Creatinine (mg/dL) 0.8 (0.8-0.9) 1.4 (1.2-1.7) <0.001 

  UACR (mg/g) 7 (5-10) 66 (17-229) <0.001 

  eGFR (mL/min/1.73m2) 89 (77-97) 48 (34-56) <0.001 

Data is reported as mean and standard deviation, median and interquartile range, or absolute number and frequencies. 
Abbreviations: DKD diabetic kidney disease, BMI body mass index, HbA1c glycated haemoglobin, ACE: angiotensin 

converting enzyme; DPP-4: Dipeptidyl Peptidase IV; GLP-1: Glucagonlikepeptide-1; SGLT-2: Sodium-glucose 

Cotransporter-2;HDL high-density lipoprotein, LDL low-density lipoprotein, eGFR estimated glomerular filtration rate. 

 

Patients with DKD were also classified according to the degree of renal damage into those with a 

moderately increased risk (DM+DKD I), a high risk (DM+DKD II), and a very high risk (DM+DKD 

III) of a poor prognosis. Anthropometric and clinical characteristics of DKD patients according to 

risk category are shown in Table 4.3. The three groups of subjects were similar with respect to age, 

sex, BMI, and in most of the current pharmacological therapies, except for glucose-lowering drugs. 

The three groups also showed different lipid profile and renal function, with the latter being more 

compromised in DM+DKD III patients, as expected (see Table 4.3). Indeed, ANOVA with Bonferroni 

post hoc test rejects, with a confidence of 95%, the null hypothesis that the levels of total cholesterol, 

HDL and LDL are the same across DKD patients, stratified according to their DM+DKD stage (I-

III). Within the last group, 8 patients (25%) were under dialysis therapy at enrollment. 
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Table 4.3. Anthropometric and clinical data of patients with DKD I-III. 

 DM+DKD I DM+DKD II DM+DKD III p value 

 n = 24 n = 17 n = 32  

Anthropometric data     

  Age (years) 72 (68-73) 64 (61-74) 70 (68-74) 0.395 

  Male sex 17 (71) 11 (65) 24 (71) 0.895 

  BMI 32 (28-34) 31 (28-35) 33 (26-39) 0.787 

Drug therapy     

  Anti-hypertensives 20 (83) 14 (82) 27 (79) 0.924 

  Metformin 17 (71) 14 (82) 11 (32) 0.001 

  Insulin 7 (29) 11 (65) 22 (65) 0.016 

  Diuretics 6 (25) 8 (47) 18 (53) 0.097 

  Statin/fibrates 15 (63) 14 (82) 21 (62) 0.296 

Biochemical parameters     

  HbA1c (g/dL) 7.1 (6.4-7.6) 7.1 (6.2-7.5) 7.1 (6.1-7.9) 0.920 

  Glucose (mg/dL) 121 (110-155) 123 (120-136) 124 (103-160) 0.922 

  Total cholesterol (mg/dL) 160 (140-177) 132 (123-142) 151 (128-159) 0.010 

  HDL (mg/dL) 45 (39-51) 35 (34-44) 38 (31- 42) 0.022 

  LDL (mg/dL) 78 (71-107) 70 (45-78) 84 (58-93) 0.073 

  Triglycerides (mg/dL) 173 (131-212) 158 (109-179) 155 (112-206) 0.645 

  Creatinine (mg/dL) 1.2 (1.0-1.4) 1.3 (1.2-1.4) 1.8 (1.5-3.5) <0.001 

  Albuminuria (mg/g) 13 (6-25) 78 (40-126) 312 (66-848) <0.001 

  eGFR (mL/min/1.73m2) 58 (52-59) 52 (46-55) 32 (23-39) <0.001 

Data is reported as mean and standard deviation, median and interquartile range, or absolute number and frequencies. 

Abbreviations: DKD diabetic kidney disease, BMI body mass index, HbA1c glycated haemoglobin, HDL high-density 

lipoprotein, LDL low-density lipoprotein, eGFR estimated glomerular filtration rate. 

 

4.3.2 Albumin structure evaluation 

During its relatively long plasma half-life, HSA undergoes several structural alterations, including 

oxidations, glycations, and truncations [30]. Most of these changes involve oxidative modifications 

at the Cys34 residue, a major plasma reservoir of thiol groups that also acts as a scavenger of reactive 

oxygen species (ROS), substantially contributing to plasma's antioxidant capacity [31–33]. Indeed, 

oxidation states of HSA, including tri-oxidation, have been extensively studied [24].  

Thanks to this dynamic alteration of oxidative status depending on environmental (serum) conditions, 

HSA may serve as a biomarker for oxidative stress and may be of potential support in the diagnosis 

and prognosis of pre-DM and DM outcomes. In addition to hyperglycemia-induced oxidative stress, 

reactive electrophiles species enter the bloodstream, promoting protein and lipid oxidation and 

inflammation associated with DM. Estimating the concentration of these short-lived electrophiles in 

body fluids is challenging. In contrast, the oxidative products formed by the reaction of ROS and 

electrophiles with blood nucleophiles, such as HSA, can be measured. The resulting oxidative 

products, which depend on the degree of Cys34 oxidation, reflect the magnitude of oxidative stress. 

These oxidation products include sulfenic (Cys-SOH), sulfinic (Cys-SO2H), and sulfonic acids (Cys-
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SO3H) derivatives, as well as mixed disulfide with low molecular weight molecules that contain Cys 

residues (Cys-SS-Cys), and their formation alters the protein's antioxidant function [24]. 

For the aims of this study, high-performance liquid chromatography coupled with electrospray 

ionization/quadrupole time-of-flight mass spectrometry (HPLC-ESI-Q-ToF) was applied to 

investigate HSA structural microheterogeneity [34]. 

Each plasma sample was diluted with ultrapure water to an approximate concentration of 50 μg/mL 

and filtered prior to analysis. Using RPLC with a gradient elution, the separation of HSA from other 

plasma proteins was achieved. Each chromatographic run lasted 8 minutes and allowed the separation 

od HSA from the other most abundant serum protein eluting at higher retention time. Retention time 

for HSA elution was 4.7 min (Figure 4.1 a). Notwithstanding resolution of the chromatographic 

method does not allow the separation of the different HSA forms, as structural changes do not result 

in a different chromatographic behavior, the high resolution of mass analyzer allowed the detection 

of 12 different HSA forms. In Figure 4.1 b, the multi-charged mass spectrum representing the charge 

states of the protein in the range [M+66H]66+ - [M+31H]31+ is shown. 

 

Figure 4.1. Chromatogram and multi-charged mass spectra of the LC-ESI-MS analysis of plasma 

sample. a) Chromatogram of the separation of HSA from other serum proteins by reversed-phase 
chromatography. b) Multi-charged mass spectrum acquired on the chromatographic peak eluted at 4.7 min. 

 

Exploiting the deconvolution software MaxEnt 1.0, the deconvoluted mass spectrum was obtained 

(Figure 4.2a). This spectrum reports, on the x axes, the mass values expressed in Da and showed to 

consistent with the m/z distribution observed for each state of charge reported in the multicharged 

mass spectrum (Figure 4.2b).  

 

 

 

 



71 

 

 

 

 

 

 

 

 

 

 

Figure 4.2. Comparison of HSA deconvoluted ESI mass spectrum (a) and a state of charge extrapolated 

from the multicharged mass spectrum of HSA (b). Deconvoluted ESI-MS spectra of HSA from a healthy 

donor (a) is compared with m/z signals extrapolated from the multicharged mass spectrum (the [M+53H]53+ 

ions are shown). 

 

Identification of albumin altered forms was obtained by the comparison of the theoretical and 

experimental mass values. In a previous work the identity of the most abundant altered forms was 

confirmed by a bottom-up approach [33]. 

Following identification and relative quantification, the Mann-Whitney U test rejected, with a 

confidence of 95%, the null hypothesis that the extent of HSA structural alteration was the same in 

patients with and without DKD (Table 4.4). Indeed, HRMS analysis revealed that structural 

alterations in HSA are notably more pronounced in patients with DKD compared to those without 

kidney damage (Figure 4.3), as shown in Table 4.4, and exemplified by deconvoluted spectra in 

Figure 4.2a vs Figure 4.2b. To note, the identity of each HSA form was based on mass values and 

was confirmed by a bottom-up analysis. 

These alterations predominantly revolved around a specific residue, the Cys34. In particular, DKD 

patients exhibited higher levels of HSA with cysteinylated Cys34 (p < 0.0001), known as human non-

mercaptoalbumin-1 (HNA-1). Consequently, a marked reduction in the levels of nHA and other forms 

that retained a native Cys34, referred to as human mercaptoalbumin (HMA) was encountered. 

Furthermore, a slight, yet noteworthy, decrease in HSA with an irreversibly oxidized Cys34 residue, 

identified as non-mercaptoalbumin-2 (HNA-2), was detected. It is important to mention that this 
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reduction in sulfynylated HSA agrees with earlier findings observed in cirrhotic patients by 

Baldassarre et al. [18]. 

 

 

Figure 4.3. Deconvoluted ESI-MS spectra of HSA. Deconvoluted ESI-MS spectra of HSA from plasma 

samples of a) a diabetic patient without renal damage (DM–DKD) and b) a diabetic patient with severe renal 

damage (DM+DKD III). HSA-DA: truncation at the N-terminal; HSA-L: truncation at the C-terminal; 

HSA+Cys-DA: N-terminal truncated form cysteinylated at the Cys34; HSA: native albumin; HSA-SO2H: 

albumin sulfonylated at the Cys34; HSA-Cys: cysteinylation at the level of the Cys34; HSA+Glyc: mono-

glycation; HSA+Cys+Glyc: cysteinylated form carrying one glycation; HSA+2Glyc: di-glycation; 

HSA+Cys+2Glyc: cysteinylated form carrying two glycations.  

 

Furthermore, the null hypothesis was also rejected when the truncated (p = 0.0242, see Table 4.4) 

glycated forms (p = 0.0028) where analyzed, although the difference was modest in both cases and, 

in the case of glycated forms, attributable to the fact that enrolled patients were all under treatment 

with glucose lowering drugs. 
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Consistent with previous research findings, the HRMS analysis of HSA structure in patients with 

T2DM and DKD indicated that most of the modifications were associated with the redox state of 

Cys34 [24, 35, 36]. Consequently, we considered delving deeper into these altered forms and 

assessing their potential effectiveness as disease markers.  

It is worth highlighting that, as HMA and HNA-1 forms are both linked to the redox state of Cys34, 

reduction in HMA by 9% in DKD patients corresponded to a 9% increase in HNA-1 form (refer to 

Table 4.3). Hence, since those are not independent parameters, further investigations were carried out 

taking into consideration only HMA relative levels, with the awareness that similar results in the 

opposite direction would be obtained for HNA-1. 

 

Table 4.4. Relative abundances (%) of native and altered forms of HSA in diabetic patients without renal 

damage (DM–DKD n=42) and with renal damage (DM+DKD, n=75) determined by LC-ESI-MS analysis. 

Data are statistically expressed as median and interquartile range. The p value, determined by Mann-Whitney 

U test, is reported. 

 

 Relative Abundance (%) 

p value 
HSA forms 

–DKD +DKD (I-III) 

n = 42 n = 75 

nHA 59.0 (57.1 - 60.6) 52.5 (48.3 - 56.7) < 0.0001 

HMA 75.7 (73.2 - 78.4) 67.1 (62.5 - 72.7) < 0.0001 

HNA-1 16.4 (13.7 – 19.0) 25.7 (19.8 - 30.9) < 0.0001 

HNA-2 8.9 (8.1 - 9.6) 7.9 (7.0 - 8.6) < 0.0001 

Truncated 6.5 (5.1 - 7.9) 5.2 (4.4 – 7.0) 0.0242 

Glycated 10.8 (9.2 - 12.2) 12.5 (10.5 - 14.7) 0.0028 

 

4.3.3 Assessment of tHA concentration 

In clinical practice, HSA is measured by automated assays using one of the two dye–binding assays: 

BCG and bromocresol purple (BCP), with BCG remaining the predominant one [37]. In this study, 

tHA was determined via the BCG colorimetric assay. This approach relies on the ability of BCG to 

form a stable complex with HSA near site III, leading to a hyperchromic shift at 628 nm wavelength, 

in contrast to the indicator alone (Figure 4.4). We acknowledge the potential limitations of the 

Bromocresol Green (BCG) assay method for measuring albumin levels, particularly in the presence 

of oxidized human serum albumin (HSA). While we did not specifically optimize our experimental 

protocols to minimize the impact of oxidation on the measurement results, nor did we employ 

extensive quality control measures such as the use of standardized reference materials or calibration 

procedures, we selected the BCG assay method for its practicality and widespread use in routine 

laboratory analysis. 
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For the sake of completeness, it must be noted the literature reports that extensive oxidative damages 

such as AGE and AOPP formation affect HSA quantitation when BCG assay is used [38], however 

samples from diabetic patients were not either extensively glycated nor extensively damaged products 

were suspected or detected. On the other hands, BCG assay is a well-established method which is 

commonly used in clinical settings for the routine measurement of HSA. Indeed, it offers simplicity, 

speed, and cost-effectiveness, making it a practical choice for routine laboratory analysis.  

 

Figure 4.4. Absorbance spectra of bromocresol green (BCG) and BCG-HSA complex. Change in BCG 

absorbance spectrum (in yellow) following the formation of the BCG-HSA complex in the 480-800 nm 

wavelength range (in green). At the same BCG concentration and pH (0.2 mM; pH 4.2), in the presence of 

HSA, BCG-HSA forms an intense blue-green complex with an absorbance maximum at 628 nm.  

 

 

For the aims of this work the assay in current clinical practice was adapted to reduce reagents and 

biological sample consumption. Indeed, we employed a 96–well microplate, reducing the amount of 

plasma used from 25 µL to 5 µL. The assay was conducted at pH 4.2 because the association constant 

of the complex is greater at a pH lower than HSA's isoelectric point (pI = 4.9) [27]. Linearity of the 

calibration curve (y = 0.0259x + 0.0244) within the concentration range of 5–20 µM was assessed 

(R2 = 0.9999). 

Other than assessing the overall variation of tHA in the DKD population vs patients with diabetes 

alone, tHA was indeed also required to calculate the other parameters of interest, namely eHA and 

rHA. 

 

4.3.4 Total, effective, and reduced albumin concentrations 

The study highlighted that tHA values in DKD patients (4.1 g/dL, with a range of 3.9 - 4.4 g/dL) were 

slightly lower than in patients without DKD (4.3 g/dL, with a range of 4.1 - 4.5 g/dL) (p=0.001, Table 

4.5). This finding aligns with previous research, indicating that in conditions characterized by 
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increased inflammatory processes, such as DKD, HSA levels tend to decrease due to a combination 

of reduced hepatic synthesis, increased catabolism, and enhanced vascular permeability [24, 35, 36]. 

Considering that the quantity and structural integrity of HSA diminished in patients with DKD, we 

decided to further explore other key parameters including eHA, which accounts for both HSA 

concentration and structural integrity, [18] and rHA, representing the plasma concentration of all HSA 

forms with reduced Cys34 (Table 4.5). The Mann-Withney U test rejected the null hypothesis that 

eHA and rHA were similar in patients with and without DKD with a 95% confidence level. Therefore, 

both eHA and rHA were lower in T2DM patients with kidney damage (p < 0.001 for both parameters), 

and they provided better discrimination between these two groups compared to tHA (p = 0.001). This 

observation underlines the importance of considering not only the quantity of circulating protein but 

also its structural integrity and prompted us to investigate the diagnostic and prognostic potential of 

these parameters. It is important to acknowledge that while the formulae used to calculate eHA and 

rHA provide a straightforward method for calculating relative concentrations based on single data 

points, although it did not fully account for data variability besides the availability of replicates. 

However, it must be underlined the main focus was to test the inter-patients variability rather than 

intra-patient variability. 

 

Table 4.5. rHA, tHA, and eHA values for the DM-DKD and DM+DKD groups of subjects. Data were 

statistically expressed as median and interquartile range. The p value, as determined by Mann-Whitney U test, 

is reported. 

 Relative Abundance (%) 

p value 
HSA forms 

 –DKD DM+DKD (I-III) 

n = 42 n = 75 

tHA (g/dL) 4.3 (4.1 - 4.5) 4.1 (3.9 - 4.4) 0.001 

rHA (g/dL) 3.3 (3.2 - 3.4) 2.8 (2.5 - 3.1) < 0.001 

eHA (g/dL) 2.5 (2.4 - 2.7) 2.2 (1.9 - 2.4) < 0.001 

 

ROC curves were employed to assess the sensitivity and specificity of tHA, eHA, and rHA for 

diagnosing renal impairment. Based on the values of the area under the curve (AUC), both eHA and 

rHA exhibit superior diagnostic capability for detecting renal impairment (AUC-eHA: 0.831, 95% 

CI, 0.760-0.903; AUC-rHA: 0.823, 95% CI, 0.749-0.898). Notably, the AUC values for eHA and rHA 

were higher than that of tHA (AUC-tHA: 0.676, 95% CI, 0.579-0.772; p<0.001) (Figure 4.5). 

Furthermore, a multivariable logistic regression analysis revealed that eHA, but not rHA, is an 

independent predictor of renal impairment (OR 0.58; 95% CI, 0.46-0.73). These findings are in 

agreement with reports from Maruyama's group, which highlighted the relevance of HNA-1 relative 
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abundance as an indirect marker of HSA’s antioxidant capacity in diagnosing renal damage [8]. 

Moreover, the fact that eHA - representing the concentration of native and fully functional albumin - 

is the sole independent predictor of renal impairment suggests that functions beyond the antioxidant 

capacity of Cys34, such as binding and detoxification capacity, may be compromised as the disease 

progresses.  

The multivariable logistic correlation analysis allowed us to examine the individual associations 

between each variable and the outcome of interest while adjusting for potential confounding factors. 

However, we acknowledge that exploring the interrelationships and relative weights of multiple 

variables using multivariate techniques like PCA could offer additional insights into the complex 

interactions within our dataset. 

 

Figure 4.5. Receiver operating characteristics (ROC) curve and Area Under the curve (AUC) of the three 

parameters under study. On the left, a) analysis of total HSA concentration (tHA), reduced HSA 

concentration (rHA), and native albumin concentration (nHA) for predicting Diabetic Kidney Disease; on the 

correct b) AUC and 95% confidence interval. AUC were compared according to the DeLong method.  

 

4.3.5 Correlations of tHA, rHA, and eHA with clinical parameters 

A possible correlation of tHA, rHA, and eHA with key clinical parameters that are widely used in the 

clinical assessment of DKD severity, specifically: (i) creatinine, (ii) microalbuminuria, and (iii) eGFR 

was also explored. As expected, there is a negative correlation between the three parameters under 

study and creatinine levels, as well as levels of microalbuminuria. Conversely, for eGFR values, the 

correlation is positive. Notably, the same correlation was observed when assessing these parameters 

at a one-year follow-up (Table 4.6), suggesting that rHA and eHA may be linked to disease 

progression. To note, although Principal Component Analysis could be also used to assess these 

relationships, we preferred to use a bivariate approach to emphasize the translational relevance of this 
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data, as it is more familiar to clinicians. These findings further support the possible clinical 

implications of albumin parameters in monitoring and understanding the progression of DKD. 

 
Table 4.6. Correlation of tHA, rHA, and eHA with creatinine, albuminuria, and eGFR levels (n = 117). 

 

 

 

 

 

 

 

4.3.6 Albumin and severity of diabetic kidney disease 

To establish a possible effective parameter for stratifying patients with DKD according to the severity 

of the condition, we examined the levels of tHA, rHA, and eHA at each stage of the disease, as 

illustrated in Figure 4.6. It must be noted that for this study, we treated the eight patients who were 

undergoing dialysis therapy at the time of enrollment as a separate group.  

 

Figure 4.6. tHA, rHA and eHA in subgroups of diabetic patients with renal impairment. Box plots 

representing the median, range and 25th and 75th percentile of the concentration of tHA, rHA, and eHA in the 

subgroups of diabetic patients with renal impairment (DKD-I in light yellow, DKD-II in light orange, DKD-

III in red, and Dialysis in dark red). The value of the Global ANOVA test is reported.  

 

As results of this investigation (Figure 4.4) tHA emerged as the parameter that best distinguished 

DKD stages II, III, and the dialysis group from DKD stage I. On the other hand, rHA stood out as the 

  tHA rHA eHA 

  Rho (p value) Rho (p value) Rho (p value) 

Baseline 
Creatinine (mg/dL) -0.260 (0.006) -0.567 (<0.001) -0.548 (<0.001) 

eGFR 0.337 (<0.001) 0.659 (<0.001) 0.649 (<0.001) 

 Albuminuria -0.497 (<0.001) -0.546 (<0.001) -0.554 (<0.001) 

Follow-up 
Creatinine (mg/dL) -0.172 (0.077) -0.508 (<0.001) -0.509 (<0.001) 

eGFR 0.172 (0.076) 0.562 (<0.001) 0.584 (<0.001) 

 Albuminuria -0.363 (<0.001) -0.461 (<0.001) -0.407 (<0.001) 
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sole parameter capable of differentiating dialysis group from both DKD stages I and II. Similar results 

were also obtained in sensitivity analysis performed on exponentially transformed tHA, rHA and 

nHA. A possible interpretation of these results may be drawn based on the consideration that at early 

disease stages a decline in albumin concentration may prevail over oxidative damage, being the latter 

still limited at this initial stage; however, as renal damage advances, oxidative damage prevails and 

notably impacts the oxidative status of Cys34. 
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4.4 Conclusions 

In summary, the HRMS analysis of the microheterogeneity profile of HSA in plasma samples from 

diabetic patients revealed a decrease in the relative abundance of nHA in combination with an increase 

in oxidized forms, primarily involving the cysteinylation of Cys34 residue, as the severity of renal 

damage in patients progresses. The assessment of key HSA-related parameters highlighted a decrease 

in tHA, with the progression of disease severity and alterations of both eHA and rHA in relation to 

DKD. Additionally, eHA was identified as an independent predictor of renal dysfunction.  

The outcomes from this research suggest eHA and rHA levels might complement current parameters 

in the diagnosis of kidney damage in T2DM patients. 

Nevertheless, there are certain limitations to this study. Firstly, the relatively small sample size of 

patients, which was primarily due to the recruitment of subjects from a single institution, may restrict 

the generalizability of the findings. Furthermore, it is important to note that this study employed a 

cross-sectional design, which does not establish a causal relationship between the factors studied.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



80 

 

References 

[1] G. Fanali, A. Di Masi, V. Trezza, M. Marino, M. Fasano, and P. Ascenzi, “Human serum albumin: 

From bench to bedside,” Mol. Aspects Med., vol. 33, no. 3, pp. 209–290, 2012, doi: 

10.1016/j.mam.2011.12.002. 

[2] M. Taverna, A.-L. L. Marie, J.-P. P. Mira, and B. Guidet, “Specific antioxidant properties of human 

serum albumin,” Ann. Intensive Care, vol. 3, no. 1, pp. 1–7, Feb. 2013, doi: 10.1186/2110-5820-3-4. 

[3] G. A. Ascoli, E. Domenici, and C. Bertucci, “Drug binding to human serum albumin: Abridged review 

of results obtained with high-performance liquid chromatography and circular dichroism,” Chirality, 

vol. 18, no. 9. Chirality, pp. 667–679, 2006, doi: 10.1002/chir.20301. 

[4] R. Ferrer et al., “Non-oncotic properties of albumin. A multidisciplinary vision about the implications 

for critically ill patients,” Expert Rev. Clin. Pharmacol., vol. 11, no. 2, pp. 125–137, 2018, doi: 

10.1080/17512433.2018.1412827. 

[5] K. Oettl and R. E. Stauber, “Physiological and pathological changes in the redox state of human serum 

albumin critically influence its binding properties,” Br. J. Pharmacol., vol. 151, no. 5, pp. 580–590, 

Jul. 2007, doi: 10.1038/SJ.BJP.0707251. 

[6] D. A. Belinskaia, P. A. Voronina, V. I. Shmurak, R. O. Jenkins, and N. V. Goncharov, “Serum Albumin 

in Health and Disease: Esterase, Antioxidant, Transporting and Signaling Properties,” Int. J. Mol. Sci. 

2021, Vol. 22, Page 10318, vol. 22, no. 19, p. 10318, Sep. 2021, doi: 10.3390/IJMS221910318. 

[7] H. Watanabe, T. Imafuku, M. Otagiri, and T. Maruyama, “Clinical Implications Associated With the 

Posttranslational Modification–Induced Functional Impairment of Albumin in Oxidative Stress–

Related Diseases,” J. Pharm. Sci., vol. 106, no. 9, pp. 2195–2203, Sep. 2017. 

[8] T. Imafuku et al., “Cysteinylated Albumin as a Potential Biomarker for the Progression of Kidney 

Disease in Patients With Type 2 Diabetes,” Diabetes Care, vol. 44, no. 6, pp. e115–e117, Jun. 2021, 

doi: 10.2337/DC20-3003. 

[9] Y. Hirakawa et al., “Potential progression biomarkers of diabetic kidney disease determined using 

comprehensive machine learning analysis of non-targeted metabolomics,” Sci. Rep., vol. 12, no. 1, pp. 

1–13, 2022, doi: 10.1038/s41598-022-20638-1. 

[10] International Diabetes Federation, IDF Diabetes Atlas, 10th edn. Brussels, Belgium: 2021. Available 

at: https://www.diabetesatlas.org 

[11] E. K. Hoogeveen, “The Epidemiology of Diabetic Kidney Disease,” Kidney Dial., vol. 2, pp. 433–

442, 2022, doi: 10.3390/kidneydial2030038. 

[12] M. C. Thomas et al., “Diabetic kidney disease,” Nat. Rev. Dis. Prim. 2015 11, vol. 1, no. 1, pp. 1–20, 

Jul. 2015, doi: 10.1038/nrdp.2015.18. 

[13] D. Ceccarelli et al., “Re-thinking diabetic nephropathy: Microalbuminuria is just a piece of the 

diagnostic puzzle,” Clin. Chim. Acta, vol. 524, no. October 2021, pp. 146–153, Jan. 2022, doi: 

10.1016/j.cca.2021.11.009. 

[14] R. Sauriasari, D. D. Safitri, and N. U. Azmi, “Current updates on protein as biomarkers for diabetic 

kidney disease: a systematic review,” Ther. Adv. Endocrinol. Metab., vol. 12, 2021, doi: 

10.1177/20420188211049612. 

[15] M. J. Pena, H. Mischak, and H. J. L. Heerspink, “Proteomics for prediction of disease progression and 

response to therapy in diabetic kidney disease,” Diabetologia, doi: 10.1007/s00125-016-4001-9. 



81 

 

[16] Z. Yan, G. Wang, and X. Shi, “Advances in the Progression and Prognosis Biomarkers of Chronic 

Kidney Disease,” Front. Pharmacol., vol. 12, p. 3731, Dec. 2021, doi: 10.3389/FPHAR.2021.785375. 

[17] A. Piwkowska, Ł. Zdrojewski, Z. Heleniak, and A. Dębska-ślizień, “Novel Markers in Diabetic Kidney 

Disease—Current State and Perspectives,” Diagnostics 2022, Vol. 12, Page 1205, vol. 12, no. 5, p. 

1205, May 2022, doi: 10.3390/DIAGNOSTICS12051205. 

[18] M. Baldassarre et al., “Determination of Effective Albumin in Patients With Decompensated Cirrhosis: 

Clinical and Prognostic Implications,” Hepatology, vol. 74, no. 4, pp. 2058–2073, Oct. 2021, doi: 

10.1002/HEP.31798. 

[19] M. Roche, P. Rondeau, N. R. Singh, E. Tarnus, and E. Bourdon, “The antioxidant properties of serum 

albumin,” FEBS Lett., vol. 582, no. 13, pp. 1783–1787, 2008, doi: 10.1016/j.febslet.2008.04.057. 

[20] R. Michelis et al., “Albumin oxidation leads to neutrophil activation in vitro and inaccurate 

measurement of serum albumin in patients with diabetic nephropathy,” Free Radic. Biol. Med., vol. 

60, pp. 49–55, Jul. 2013, doi: 10.1016/J.FREERADBIOMED.2013.02.005. 

[21] A. N. Friedman and S. Z. Fadem, “Reassessment of albumin as a nutritional marker in kidney disease,” 

J. Am. Soc. Nephrol., vol. 21, no. 2, pp. 223–230, 2010, doi: 10.1681/ASN.2009020213. 

[22] J. Zhang et al., “The Level of Serum Albumin Is Associated with Renal Prognosis in Patients with 

Diabetic Nephropathy,” J. Diabetes Res., vol. 2019, 2019, doi: 10.1155/2019/7825804. 

[23] T. Cheng, X. Wang, Y. Han, J. Hao, H. Hu, and L. Hao, “The level of serum albumin is associated with 

renal prognosis and renal function decline in patients with chronic kidney disease,” BMC Nephrol., 

vol. 24, no. 1, pp. 1–17, Dec. 2023, doi: 10.1186/S12882-023-03110-8/TABLES/9. 

[24] S. Paramasivan et al., “Serum albumin cysteine trioxidation is a potential oxidative stress biomarker 

of type 2 diabetes mellitus,” Sci. Rep., vol. 10, no. 1, pp. 1–12, 2020, doi: 10.1038/s41598-020-62341-

z. 

[25] H. Watanabe, “Oxidized Albumin: Evaluation of Oxidative Stress as a Marker for the Progression of 

Kidney Disease,” Biol. Pharm. Bull., vol. 45, no. 12, pp. 1728–1732, Dec. 2022, doi: 

10.1248/BPB.B22-00586. 

[26] K. International, “KDIGO 2020 Clinical Practice Guideline for Diabetes Management in Chronic 

Kidney Disease,” Kidney Int., vol. 98, no. 4, pp. S1–S115, 2020, doi: 10.1016/j.kint.2020.06.019. 

[27] C. G. Beng, L. J. Rasanayagam, K. L. Lim, and K. S. Lau, “Solubility and absorption spectra of 

complexes resulting from interaction among human albumin, bromcresol green and detergents,” Clin. 

Chim. Acta, vol. 52, no. 3, pp. 257–269, 1974, doi: 10.1016/0009-8981(74)90109-0. 

[28] M. Naldi et al., “Mass spectrometry characterization of circulating human serum albumin 

microheterogeneity in patients with alcoholic hepatitis,” J. Pharm. Biomed. Anal., vol. 122, pp. 141–

147, Apr. 2016, doi: 10.1016/J.JPBA.2016.01.048. 

[29] C. Barrios et al., “Circulating metabolic biomarkers of renal function in diabetic and non-diabetic 

populations,” Sci. Reports 2018 81, vol. 8, no. 1, pp. 1–11, Oct. 2018, doi: 10.1038/s41598-018-33507-

7. 

[30] M. Naldi, M. Baldassarre, M. Domenicali, M. Bartolini, and P. Caraceni, “Structural and functional 

integrity of human serum albumin: Analytical approaches and clinical relevance in patients with liver 

cirrhosis,” J. Pharm. Biomed. Anal., vol. 144, pp. 138–153, Sep. 2017, doi: 

10.1016/j.jpba.2017.04.023. 



82 

 

[31] H. Terawaki et al., “Oxidative stress is enhanced in correlation with renal dysfunction: examination 

with the redox state of albumin.,” Kidney Int., vol. 66, no. 5, pp. 1988–1993, Nov. 2004, doi: 

10.1111/j.1523-1755.2004.00969.x. 

[32] M. Baldassarre et al., “Albumin Homodimers in Patients with Cirrhosis: Clinical and Prognostic 

Relevance of a Novel Identified Structural Alteration of the Molecule,” Sci. Reports 2016 61, vol. 6, 

no. 1, pp. 1–9, Oct. 2016, doi: 10.1038/srep35987. 

[33] M. Domenicali et al., “Posttranscriptional changes of serum albumin: Clinical and prognostic 

significance in hospitalized patients with cirrhosis,” Hepatology, vol. 60, no. 6, pp. 1851–1860, Dec. 

2014, doi: 10.1002/HEP.27322. 

[34] M. Naldi et al., “A fast and validated mass spectrometry method for the evaluation of human serum 

albumin structural modifications in the clinical field,” Eur. J. Mass Spectrom., vol. 496, no. May, pp. 

491–496, Dec. 2013, doi: 10.1255/ejms.1256. 

[35] S. Prakash, “Role of Human Serum Albumin and Oxidative Stress in Diabetes,” J. Appl. Biotechnol. 

Bioeng., vol. 3, no. 1, pp. 281–285, 2017, doi: 10.15406/jabb.2017.03.00057. 

[36] J. Clària et al., “Systemic inflammation in decompensated cirrhosis: Characterization and role in acute-

on-chronic liver failure,” Hepatology, vol. 64, no. 4, pp. 1249–1264, Oct. 2016, doi: 

10.1002/HEP.28740. 

[37] S. Tada, K. Yasukawa, Y. Yatomi, and T. Uchiki, “A simple colorimetric assay to determine the 

concentration and proportion of human mercaptalbumin,” Pract. Lab. Med., vol. 31, Aug. 2022, doi: 

10.1016/j.plabm.2022.e00281. 

  



83 

 

Chapter 5. Personalized biosensing surfaces for the analysis of albumin 

binding properties in disease states via surface plasmon resonance 

Data and procedures reported and discussed in this chapter are included in the following manuscript: 

Nugnes M., Baldassarre M., Caraceni P., Naldi M., Bartolini M. Albumin-On-A-Chip: development 

of a patient-specific sensing surface for personalized screening. Biochemical Pharmacology, 2024, 

submitted. 

 

5.1 Background 

HSA is a widely recognized versatile protein within the bloodstream [1]. Beyond serving as a crucial 

serum antioxidant and contributing significantly to osmotic pressure, it can bind a variety of 

structurally different substances [2, 3]. Specifically, at its three high-affinity binding sites, HSA can 

reversibly bind endogenous and exogenous compounds, such as fatty acids, hormones, ions, drugs, 

and drug metabolites [4, 5]. The physiological functions of HSA are closely tied to its dynamic 

structure; hence, structure alterations can significantly impact its folding, activity, and clearance [6]. 

Given its relatively extended plasma half-life (approximately 16-19 days) and high concentration in 

the circulatory system, HSA is highly susceptible to pathological conditions [7]. Growing evidence 

suggests that in specific diseases marked by an escalated systemic inflammation and oxidative stress, 

such as chronic liver and kidney diseases and diabetes mellitus (DM), HSA undergoes substantial 

structural changes [8–10]. Indeed, the advanced stages of cirrhosis have been associated with elevated 

levels of reversibly and irreversibly oxidized forms of HSA, involving the only free cysteine residue 

at position 34 (Cys34), as well as increased levels of HSA forms bearing non-oxidative modifications 

like glycation, cysteinylation, and truncation of the C- and N-terminals. Consequently, as cirrhosis 

progresses, the amount of native HSA decreases [11, 12]. 

Like for liver diseases, diabetes mellitus (DM) is also linked to an increased inflammation, that in 

DM is partially induced by elevated blood sugar levels, which significantly influences the progression 

of the pathology and increases the risk of complications, including cardiovascular and renal ones [13]. 

In this context, it is not surprising that the amount of oxidized forms (of HSA) positively correlates 

with the severity of the disease and of related complications such as diabetic kidney disease (DKD) 

[14, 15]. For instance, tri-oxidation at various Cys residues was identified in patients with Type 2 

diabetes mellitus (T2DM) [16]. Furthermore, a significant rise in the glycated form of HSA has been 

observed in decompensated and compensated patients, as a consequence of chronic hyperglycemia 

[17]. In addition to structural changes, there is also evidence of diminished binding capacity of HSA 
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toward various ligands. A reduced binding affinity for both endogenous and exogenous compounds 

has been associated to changes in the redox state of Cys34 [18]. Numerous in vitro studies have 

investigated the impaired binding properties of glycated HSA, which results from increased blood 

levels of glucose in decompensated DM patients. For instance, Ascoli et al. found that tolazamide, 

acetohexamide, glibenclamide, and tolbutamide, which are first and second-generation sulfonylurea 

drugs prescribed for T2DM, exhibited at least a 40% decrease in affinity for glycated HAS, as 

compared to non-glycated HSA [19]. Another study by Joseph et al. demonstrated a fivefold increase 

in the binding affinity of L-tryptophan [20]. Additionally, several studies have shown that both in 

vitro and in vivo glycated HSA displayed enhanced binding interactions with warfarin [21, 22]. 

Evidence of altered binding properties of HSA in severe pathological conditions has also been 

obtained from clinical studies on patients with end-stage liver disease, a stage characterized by 

significantly elevated oxidative stress and reduced levels of circulating HSA [23, 24]. Exacerbated 

inflammation and oxidative stress are typical pathological conditions in patients suffering from DKD, 

a significant cause of morbidity and mortality in DM. These individuals also may experience reduced 

plasma levels of HSA (hypoalbuminemia) due to glomerular filtration alterations, which may 

exacerbate HSA dysfunction. 

Furthermore, interactions between HSA and drugs can impact solubility, absorption, distribution, 

metabolism, and excretion (ADME) [25]. These interactions can profoundly influence the 

pharmacokinetic behavior of drugs. For example, the presence of a fatty acid in the structure of 

Detemir®, an insulin-derived drug recommended for DM treatment, was reported to prolong drug 

half-life in the bloodstream, owing to its binding to albumin [26]. Hence, it is of particular interest to 

investigate how altered forms of HSA, observed in certain pathological conditions, interact with 

drugs. However, for personalized medicine purposes, it must be taken into account the impact of the 

alteration of the physiological microheterogeneity of this protein in pathological conditions instead 

of single structural alterations. This because single alterations might not translate into a significant 

clinical outcome. 

Starting from this idea, this study aimed to develop a sensing tool snapshotting the patient-specific 

has heterogeneity to evaluate potential correlations between structural changes and dysfunctional 

binding properties. To selectively capture the patient's pool of circulating HSA forms, a sensing 

surface functionalized with an anti-HSA antibody was developed. Real-time detection of drug binding 

was achieved using surface plasmon resonance (SPR) technology, chosen for its precision and 

directness, which overcomes the limitations of target labeling and allows for real-time monitoring of 

binding events. The developed sensor chip was employed in a pilot study to assess the ex vivo binding 
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capacity of HSA derived from the plasma of a small cohort of patients with DM (with and without 

DKD) or and, in a small cohort of decompensated cirrhosis.  
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5.2 Materials and Methods 

5.2.1 Chemicals 

Anti-Human Albumin antibody produced in rabbit (whole antiserum, product code A3293; antigen 

66.437-66.600 kDa), HSA (essentially fatty acid-free, ≥ 96%, product code A1887; MW:66.4 kDa), 

sodium dihydrogen phosphate (NaH2PO4), disodium hydrogen phosphate (Na2HPO4), dimethyl 

sulfoxide (DMSO), phenylbutazone (PBZ; MW: 308.4), biliverdin hydrochloride (BVD; 

MW:619.12), teicoplanin (TEICO; MW: 1880) sodium chloride (NaCl) and sodium acetate were all 

purchased from Sigma–Aldrich (Milan, Italy). Dansyl-L-phenylalanine (DAP; MW: 398.5) was 

purchased by Tokyo Chemical Industry (Tokyo, Japan). Galantamine hydrobromide (GAL; MW: 

368.3) was obtained from Tocris (Cookson, UK). Research-grade CM 5 sensor chips, amine coupling 

kit, consisting of N-ethyl-N-(3-dimethyl-aminopropyl)-carbodiimide (EDC), N-hydroxysuccinimide 

(NHS) and ethanolamine hydrochloride (pH 8.5; 1 M), were all purchased from Cytiva. Water was 

bidistilled, deionized, filtered, and degassed by Millipore Elix 10. Phosphate buffer saline (PBS) 20 

mM, pH 7.4 + 0.05% (v/v) Tween-20 (running buffer A) was used for the immobilization procedure 

while running buffer A + DMSO (98:2, v/v) (pH 7.4) (running buffer B) was used for the interaction 

studies. All buffer solutions were freshly prepared before the analysis and filtered through a 0.22 µm 

pore size membrane made of cellulose nitrate and acetate mixture. 

 

5.2.2 Surface plasmon resonance-based analyses 

SPR analyses were performed with a BiacoreTM X100 system (GE Healthcare) equipped with an in-

line degasser and thermostated at 25 °C. Data were analyzed and processed using the 

BiacoreTMX100 4.1 evaluation software. 

 

5.2.2.1 Preparation of anti-HSA-biosensing surfaces 

Stock solutions of anti-HSA antibody (5.0 mg/mL in PBS 10 mM pH 7.2, sodium azide 15 mM) were 

diluted to 50 µg/mL concentration in sodium acetate buffers (NaOAc; 10 mM) at various pH values 

(pH 4.00, 4.35, 4.50, 4.76, 5.00, 5.22, and 5.50). Antibody solutions at different pHs were injected 

for 120 s at 10 μL/min, using running buffer A, to evaluate the electrostatic preconcentration at the 

chip surface. After each injection, the baseline was re-established by injecting a NaOH solution (50 

mM). The best condition was attained using the pH 5.0 solution. Therefore, the anti-HSA antibody 

solution at pH 5 was immobilized on the test flow cell (FC 2) of a CM 5 sensor chip via amine 

coupling according to the standard Biacore procedure. Briefly, the chip was equilibrated at 25°C for 

30 min before docking; then, the system was primed three times with running buffer A. The 
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carboxymethyl-dextran sensor-chip test surface was activated with 0.4 M EDC and 0.1 M NHS (final 

concentrations after mixing EDC and NHS in a 50:50 ratio) for 420 s at 10 µL/min. Then, the pH 5.0 

stock solution of anti-HSA antibody was injected over the active flow cell until the desired amount 

of immobilized protein was reached, i.e., 18000 RU. Finally, the remaining active esters were 

quenched by injecting ethanolamine hydrochloride (0.1 M, pH 8.5) for 420 s at the same flow rate. 

At the end of the immobilization procedure, the system was left to equilibrate for at least 12 hours, 

and after several buffer injections, a steady baseline was achieved. 

Two sensing surfaces were prepared following the described procedure: Chip 1 where the anti-HSA 

antibody was immobilized only on one FC2, and Chip 2 where the antibody was immobilized in both 

flow cells of a CM 5 sensor chip. 

 

5.2.2.2  Capture-based attachment of HSA 

To maximize HSA capture by the anti-HSA antibody, the optimal contact time and HSA concentration 

were evaluated. To address the first purpose, 40 μM commercial HSA solution in running buffer B 

was prepared and injected at three different flows for different times: 5 μL/min (contact time: 840 s), 

10 μL/min (contact time: 420 s), and 30 μL/min (contact time: 80 s). To select the optimal HSA 

concentration, four solutions of commercial HSA were prepared at concentrations of 20, 30, 40, and 

50 μM in running buffer A, and solutions were injected at 5 μL/min for 840 s. The best condition was 

accomplished using the 40 µM solution at 5 µL/min for 840 s. 

 

5.2.2.3  Surfaces validation 

To exclude the possibility that the surface may cause false positive results, galantamine was chosen 

as a negative control. 3 mM stock solution of galantamine in running buffer A was diluted 1:50 (v/v) 

using running buffer B to a final concentration of 200 µM. This solution was further diluted using the 

same buffer, and the resulting dilutions (0.370, 1.11, 3.33, 10.0, and 30.0 μM) were injected at a flow 

rate of 10 μL/min for 60 s after injection of the blank (running buffer B).  

To ensure the capture procedure's accuracy and validate the chip surface's binding capacity, the 

affinities of three well-known and commercially available markers towards HSA were evaluated: 

PBZ, DAP, and BVD, respectively, a site I, a site II, and a site III HSA binders. Furthermore, the 

affinity of teicoplanin, a non-site-specific HSA binder and a commonly administered drug in cirrhotic 

patients to counteract infections, was also assessed. The steady-state dissociation constant (KD) was 

measured for each marker by multiple-cycle analysis after HSA capture. 10 mM stock solutions of 

PBZ, DAP, and BVD in DMSO were diluted 1:50 (v/v) using running buffer A to a final concentration 
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of 200 µM. 5.0 mM stock solution of TEICO in running buffer B was diluted 1:9.09 (v/v) using the 

same buffer, to reach 550 µM final concentration. These solutions were further diluted using running 

buffer B as follows: PBZ (0.620, 1.85, 5.56, 16.7, and 50.0 μM); DAP (0.940, 1.88, 3.75, 7.50, 15.0, 

and 30.0 μM); BVD (3.13, 6.25, 12.5, 25.0, and 50.0 μM) and TEICO (0.880, 4.40, 22.0, 110, and 

550 μM). Analytes were injected over both flow cells at a flow rate of 75 μL/min for a contact time 

of 40 s followed by 40 s dissociation time.  

 

5.2.2.4  Solvent refractive index correction 

Due to the high bulk response of DMSO compared to the intrinsically low one of small molecules, 

the solvent correction procedure was assessed to correct observed responses for the effects of DMSO 

and to improve the robustness of measurements. Eight running buffers, consisting of running buffer 

A mixed with different amounts of DMSO ranging from 4.5% to 5.5% (v/v), were injected over the 

active and reference flow cells, and a calibration curve was obtained.  

 

5.2.3 Ex vivo assessment of HSA binding functions in different pathological conditions 

5.2.3.1  Sample preparation  

The present pilot study population consisted of 6 decompensated cirrhotic patients and 20 patients 

suffering from T2DM. 

In the period between January 2014 and March 2016, cirrhotic patients were admitted to the 

Sant'Orsola-Malpighi General Hospital in Bologna (Italy) due to acute-on-chronic liver failure 

(ACLF). 6 patients with ACLF were selected, and 6 age-matched healthy volunteers were considered 

as the reference population. Plasma samples were provided in collaboration with the research group 

of Prof. Caraceni of the Department of Medical and Surgical Sciences, University of Bologna. All 

subjects enrolled in the study provided written informed consent to collect clinical data and plasma 

samples by the 1975 Declaration of Helsinki. For more information on the population under 

investigation, please consult Baldassarre M. et al. [27]. 

Regarding patients affected by T2DM, 20 diabetic patients of the cohort described in Chapter 4 were 

selected in order of enrolment: 10 without renal damage (DM-DKD) and 10 with the most severe 

renal damage investigated in our study (DM+DKD III).  

HSA concentration in plasma samples was normalized at 80 µM, by diluting plasma in PBS 1X pH 

7.4 containing 2% (v/v) of a mixture of protease inhibitors, down to the desired concentration of HSA. 

Samples were then filtered through a 0.22 µm pore size syringe membrane made of cellulose nitrate 
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and acetate. Filtered samples were diluted in PBS 20 mM pH 7.4 + 0.1% (v/v) TWEEN® 20 + 4% 

(v/v) DMSO to reach 40 μM HSA final concentration and match the running buffer B. 

 

5.2.3.2  Analysis of binders-HSA interactions 

To ensure the HSA capture, the flow rate was set at 5 µL/min and injected over the active flow cell 

for 840 s. The surface was allowed to stabilize for 420 s. Association and dissociation were monitored 

for 40 s for all PBZ, DAP, BVD and TEICO, and the flow rate was set at 75 µL/min. The 

concentrations injected were the same used during the validation procedure. At the end of each multi-

cycle analysis, two subsequent regeneration steps were performed by injecting 100 mM Gly-HCl (pH 

2) and 50 mM NaOH at a flow rate of 10 µL/min for 40 s. Regeneration of the surface involves the 

removal of HSA from the antibody with any bound analyte, allowing the antibody to be involved in 

further multiple analysis cycles. After regeneration, blank injections were performed to monitor the 

baseline stability and account for systematic and random variations. All the affinity assays were 

performed at 25 °C. 

 

5.2.4  Data analysis 

The same procedure was employed to process sensorgram datasets for binding PBZ, DAP, BVD, and 

TEICO to commercial HSA and patients’ HSA. Responses from the test flow cell were double-

referenced against ones from the reference flow cell and against the average of all the blank injections 

taken at the beginning of each multi-cycle of analysis. Finally, the solvent refractive index correction 

was applied [28]. 

In order to determine the equilibrium dissociation constant (KD) of the ligand-analyte complex, the 

responses at the steady-state were fitted to a 1:1 isotherm binding model (as resulting best fitting 

model), defined in equation (1):  

𝑅𝑒𝑞  =  
𝐶𝑅𝑚𝑎𝑥

𝐾𝐷 +𝐶 
 +  𝑜𝑓𝑓𝑠𝑒𝑡       (1) 

where KD is expressed in M, C is analyte concentration (in M), Req is the SPR response of the binding 

complex at equilibrium (in RU), Rmax is the maximum response upon saturation of the analyte (in 

RU) and offset is response at zero analyte concentration (in RU). 

Each dataset was fitted separately in the binding model using at least three independent repetitions of 

the measurements. The resulting parameters were averaged and expressed with the corresponding 

standard deviation. 
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5.2.5  Statistical analysis 

Data are reported as mean and standard deviation or median and interquartile range. For each 

parameter the assumption of normality was checked using the Shapiro-Wilk test. The one-sample t 

test was used to test the null hypothesis that for each isoform the mean difference between plasma 

samples and extracted samples is equal to zero. 

The Mann-Whitney U test was used to test the null hypothesis that the relative amount of HA forms 

(as determined by LC-MS) did not differ between groups. Finally, the Student’s t-test was used to test 

the null hypothesis that binding activity was not different between control subjects and ACLF patients 

and diabetic patients with and without DKD.  

All tests were two sided and a 95% confidence interval was used to test the null hypothesis. Data 

were analyzed using the Statistical Package for Social Sciences (SPSS) v.28 (IBM) and GraphPad 

Prism 8.4.2 software (GraphPad Software Inc.). 
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5.3 Results and Discussion 

5.3.1 Biosensing surface preparation: Chip 1 

The capture-based approach relies on binding the ligand to a capturing molecule already attached to 

the sensor surface. This method is typically reversible and allows a specific ligand orientation on the 

chip. It is commonly used when ligand is unstable, difficult to covalently couple or when orientation 

or regeneration is required [29]. A capture-based approach exploiting the highly specificity of antigen-

antibody recognition was here exploited to isolate HSA from a complex matrix, (i.e., plasma samples) 

in a single step. This highly specific recognition is a prerequisite to avoid other plasma proteins to be 

captured on chip surface.  

The ability of a selected polyclonal anti-HSA antibody in extracting HSA from serum samples without 

altering albumin microheterogeneity profile was assessed within a previous intra-mural project 

financed by the University of Bologna. It is, indeed, relevant for the purpose of this research project 

that the sensing surface could accurately capture not only the native form but also all forms of HSA 

present in patient plasma. In brief, in those studies, the selected antibody, was immobilized on a small 

monolithic column and the resulting immunoaffinity column was used to extract HSA from plasma 

samples collected from healthy volunteers and diseased patients. HSA microheterogeneity prior and 

after immunoextraction was then profiled by HRMS analysis using a previously validated method 

[30]. This allowed identifying native and altered HSA forms and assessing their relative abundances. 

Comparison of relative abundancies (Figure 5.1, from previous studies) confirmed that the selected 

antibody was able to selectively isolate HSA from real plasma samples and was able to capture all 

different detectable HSA forms while maintaining their relative abundance, thereby accurately 

reflecting patient’s HSA microheterogeneity. 
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Figure 5.1. Relative amount of HSA formed before (white bars) and after (gray bars) extraction from T2DM 

patients without renal impairment (n=5) by using an affinity column with the selected anti-HSA antibody. The 

different forms of HSA were identified, and relative abundances were assessed by a previously developed LC–

MS method. The one sample t-test did not rejected the null hypothesis that that, for each isoform, the mean 

difference between plasma samples and extracted samples is equal to zero with a confidence level of 95%, 

HSA-DA: truncation at the N-terminal portion; HA-L: truncation at the C-terminal portion; HSA+Cys-DA: N-

terminal truncated form cysteinylated at Cys34; HSA: native albumin; HSA-SO2H: albumin sulfonylated at 

Cys34; HSA-Cys: cysteinylation at the level of Cys34; HSA+Glyc: monoglycation; HSA+Cys+Glyc: 

cysteinylated form carrying one glycation; HSA+2Glyc: glyc; HSA+Cys+2Glyc: cysteinylated form carrying 

two glycations 

Hence, in the present study, this anti-HSA antibody was used as a capturing molecule. The 

immobilization strategy chosen for the surface preparation was to covalently bind the anti-HSA 

antibody to the carboxymethyl dextran layer of a sensor chip (CM5) by an amine coupling reaction. 

Amine coupling chemistry is one of the most employed strategies for the covalent immobilization of 

biomolecules to sensor surface [31]. To assess the best immobilization conditions, a pH scouting 

procedure was performed to determine which condition gave the most stable electrostatic 

preconcentration of HSA on chip surface. The primary requirement for this electrostatic attraction is 

that the pH of the immobilization buffer should be between the pKa values of the carboxymethylated 

dextran (3.5) and the isoelectric point of the ligand. In this way, the surface and the capturing molecule 

carry opposite net charges. At pH 5.0 (NaOAC; 0.01 M), a stable and time-dependent interaction of 

the anti-HSA antibody with sensor chip surface was observed. This condition was considered ideal 

for obtaining an adequate immobilization level at the beginning of the procedure (Figure 5.2).   
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Figure 5.2. Sensorgram of anti-HSA antibody pH scouting to a CM5 sensor chip. 50 µg/mL solution of 

antibody in NaOAC (0.01M) at different pH values was injected at a flow rate of 10 µL/min with a contact 

time of 120 s, and PBS 1X pH 7.4 + 0.05% TWEEN® buffer was used as running buffer. After each injection, 

the dextran surface was regenerated by injecting NaOH 50 μM for a contact time of 30 s. 

To immobilize the anti-HSA antibody, sensor chip surface was activated by injecting an EDC/NHS 

mixture prior to a solution of the antibody was injected. Following the classic amine coupling 

protocol, residual active esters were quenched by rinsing the sensor chip with a solution of 

ethanolamine hydrochloride (pH 8.5; 1 M) [28]. The sensing surface was stabilized overnight in PBS. 

Overnight stabilization is required to stabilize the baseline and remove residual anti-HSA antibody 

not covalently bound to the surface. The final immobilization level was 18000 RU (Figure 5.3), 

approximately equivalent to a surface density of 18 ng/mm2 [32]. It is important to note that when 

employing immobilization via amine coupling, oriented bonds are not typically formed. 

Consequently, any lysine residues present on the antibody can potentially react with succinimide 

esters during the coupling process. As a result, likely all of the immobilized antibodies may retain 

their ability to effectively immunocapture HSA. The capturing activity (surface activity related to 

capturing properties) should be, hence, experimentally determined. 
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Figure 5.3. Sensorgram of anti-HSA antibody immobilization to a CM5 sensor chip. Anti-HSA antibody 

was immobilized according to amine coupling procedure which involves (1) buffer baseline stabilization, (2) 

activation of the sensor surface by EDC/NHS mixture, (3) buffer re-equilibration, (4) three injections of anti-

HSA antibody solution in NaOAc (pH 4.5; 0.01 M), (5) buffer wash, (6) quenching of residual activated esters 

by treatment with ethanolamine solution, (7) overnight stabilization. After (7), the surface density was 

estimated to be about 18.0 ng/mm2. 

To conduct binding studies, optimizing ligand capture, i.e., HSA transient immobilization, is essential. 

The optimization process involved adjusting the flow rate at which HSA solution is injected to allow 

a proper interaction with the immobilized antibody. In parallel, the contact time was systematically 

explored. In details, three distinct conditions were evaluated: i) a flow rate of 30 µL/min with a contact 

time of 80 s, ii) a flow rate of 10 µL/min with a contact time of 420 s, and iii) a flow rate of 5 µL/min 

with a contact time of 840 s. Acquired sensorgrams showed levels of captured HSA increased with 

prolonged contact time (Figure 5.4a), suggesting that the antibody benefits from an extended period 

of contact time. Additionally, the concentration of the injected HSA was optimized to enhance the 

overall yield of immobilization. Commercial HSA solutions spanning a range of concentrations (20-

50 µM) were injected and responses evaluated. Figure 5.4b depicts the outcomes of this analysis. An 

increase in HSA concentration correlated with a higher capture level, although the improvement from 

40 to 50 µM was somewhat modest. Selected optimal capture conditions were 50 µM HA 

concentration, infusion flow-rate and time equal to 5 µL/min and 840 s, respectively. In the optimized 

conditions, reversible HA immobilization was achieved in a single step in approximately 5 min. Based 

on these data, for ex vivo studies, the HA concentration was normalized to 50 µM prior to 

immunocapture to achieve similar immobilization levels across all samples. In these conditions an 

average immobilization level of 1700 (±100) response units was achieved corresponding to a surface 

density of 1.7 (±0.1) ng/mm2 and a surface concentration (Gamma) of 25.6 fmol/mm2 (based on an 

average HSA MW of 66.5 KDa). 
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Figure 5.4c shows the typical one-step HSA capture profile on an anti-HSA antibody sensor chip. 

 

 

Figure 5.4. Parameters optimization for commercial HSA capture. (a) Change in signal (RU) relative to 

HSA capture following increased contact time. Injections were performed at 30 µL/min flow rates for 80 s, 10 

µL/min for 420 s, and 5 µL/min for 840 s. (b) Change in signal (RU) for HSA capture following increased 

HSA concentration. The HSA concentrations tested were 20 µM, 30 µM, 40 µM and 50 µM. (c) Capture of 

HSA under optimized experimental conditions: injection of HSA at a concentration of 50 µM for a contact 

time of 840 s at a flow rate of 5 µL/min. 

 

5.3.2  Biosensing surface validation: Chip 1 

After HSA capture optimization, validation of the sensing surface is required to assess whether 

immobilized HSA retained its binding properties. To ensure the absence of false positives and to 

validate the functionality of the developed chip surface, a negative control and well-characterized 

HSA binders (as illustrated in Figure 5.5) were selected. Galantamine was selected as negative 

control, as previous study demonstrated that this drug does not bind HSA [33]. In agreement with 

previous reports, the analysis revealed no interaction. For the surface validation specific and well-

known markers for the three main binding sites of HSA were selected. In detail, PBZ (a marker for 

the Sudlow site I [31]), DAP (a Sudlow site II marker [34]), and BVD (a site III marker [35]) were 

employed. Furthermore, the affinity of teicoplanin (TEICO), a non-site-specific HSA binder, was also 

evaluated [36]. The experimental KD values obtained for PBZ, DAP, and TEICO were in good 

agreement with those reported in the literature and with previous internal data obtained immobilizing 

HSA directly on the sensor chip surface (1.4 ± 0.5 × 10−5 M for PBZ, 1.7 ± 0.3 × 10−5 M for DAP, 

and 4.4 ± 0.1 × 10−4 M for TEICO) [37, 38]. These three binders reached equilibrium within a few 

seconds and exhibited rapid dissociation, as evidenced by the square wave shape of the sensorgrams 

(Figure 5.6). This behavior aligns with the properties of HSA, which serves as a plasma transporter 

for exogenous and endogenous compounds. However, it is worth noting that the KD value for BVD 

(39.0 ± 1.1 × 10−5 M) appeared higher than those reported in the literature, and, more interestingly, 

the sensorgrams' shape differed from those obtained for the other analytes tested [39]. 
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Figure 5.5. Structure of selected HSA binders for sensor chip validation. Molecular weights are reported 

along with the corresponding compound name. 

 

Figure 5.6. SPR sensorgrams and corresponding 1:1 isotherm for binders–HSA interaction. 

Representative SPR sensorgrams (top: a; c; e; g) and Req values fitted to the 1:1 isotherm binding model 

(bottom: b; d; f; h) for the four selected drugs binding to HSA captured by the antibody immobilized on chip 

surfaces. a) and b) represent PBZ-HSA binding, increasing concentrations (0.620, 1.85, 5.56, 16.7, and 50.0 

μM) are denoted by different shades of red (from light to dark); c) and d) represent DPA-HSA binding, 

increasing concentrations (0.940, 1.88, 3.75, 7.50, 15.0, and 30.0 μM) are denoted by different shades of blue 

Phenylbutazone (PBZ): 308.4 g/mol Dansyl-L-phenylalanine (DAP): 398.5 g/mol 

Biliverdin (BVD): 582.7 g/mol 
Teicoplanin A2 (TEICO): 1880 g/mol 
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(from light to dark); e) and f) represents BVD-HSA binding, increasing concentrations (3.13, 6.25, 12.5, 25.0, 

and 50.0 μM) are denoted by different shades of green (from light to dark); g) and h) represents TEICO-HSA 

binding, increasing concentrations (0.880, 4.40, 22.0, 110, and 550 μM) are denoted by different shades of 

purple (from light to dark). 

 

5.3.3  Biosensing surface preparation and validation: Chip 2  

As depicted in Figure 5e, SPR signals associated with BVD did not revert to their initial baseline 

levels during the dissociation phase, suggesting the persistent association of some molecules with the 

surface. This phenomenon was predominantly observed when high concentrations of analyte were 

used. We hypothesized non-specific binding (NSB) may occur. NSB occurs when an analyte binds to 

molecules on the sensor surface that are not its intended targets and introduces a false positive 

component into the sensorgram signal which should be carefully accounted [40]. Since reference cell 

effectively zeroed out NSB with the dextran surface, we assumed NSB might arise either from 

nonspecific interactions with either HSA when high concentration of BVD were used or from 

nonspecific interactions with the antibody. Since significant interactions were observed when BVD 

solutions were injected over a sensor chip with the immobilized antibody but without captured HSA 

[data not shown], we concluded that likely NSBs are related to interaction between BVD and anti-

HSA antibody. 

To mitigate NSB, various strategies were implemented, with the most effective one described 

hereafter. The sensor chip microfluidic system incorporates two flow cells: a reference (FC 1) and a 

sample (FC 2). Generally, FC 1 remains unmodified, while FC 2 bears the immobilized ligand or 

capturing molecule. To obtain accurate results, the SPR signals measured when the analyte flows 

across the sensor chip surface must be appropriately corrected through a double-referencing 

procedure, which involves subtracting both blank signals and the reference cell signal. The reference 

subtraction accounts for differences in bulk refractive index between the flow buffer and the analyte 

sample and also compensates for some NSBs. Ideally, the reference surface composition should 

closely resemble the active one. To achieve this, the antibody was immobilized on both FC 1 and FC 

2, while HSA was exclusively immunocaptured on FC 2. The anti-HSA antibody was immobilized in 

both flow-cells following the same immobilization procedure described in section 5.3.1, whereas the 

validation procedure detailed in section 5.3.2 involved capturing HSA exclusively in FC 2. 

 

5.3.4  Characterization of BVD-HSA binding  

Binding affinity determination was conducted using a multiple-cycle kinetics approach. In the new 

sensor chip featuring immobilized anti-HSA antibody in both flow cells KD for BVD (13.0 ± 3.0 µM) 

was in line with prior publications (10-6-10-8 M) [41, 42]. Furthermore, the sensorgrams' shapes 
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indicated that the analyte reached a steady state within a few seconds of injection and displayed rapid 

dissociation from HSA (Figure 5.7). This confirms that the new immobilization strategy was 

successful in zeroing non-specific interactions leading to a fully validated sensor chip which can be 

used for further investigations.  

 

Figure 5.7. SPR sensorgrams and corresponding 1:1 isotherm for BVD–HSA interaction. Representative 

SPR sensorgrams (left) and Req values fitted to the 1:1 isotherm binding model (right) for BVD binding to 

HSA captured by the antibody immobilized on FC 2. A double referencing procedure was performed by 

subtracting signals from FC 1, presenting the antibody immobilized without capturing HSA. Increasing analyte 

concentrations are denoted by different shades of color (from light to dark green). 

 

5.3.5  Ex vivo assessment of HSA binding functions in patients with decompensated cirrhosis 

Several studies have been undertaken to assess whether HSA binding capacity is affected by structural 

modifications in specific pathological conditions [43–45]. Results from those studies are not all in 

agreement with each other and often refer to quite highly forced conditions. Indeed, most in vitro 

studies in which alterations are induced under stress conditions imply that binding is assessed towards 

highly altered species (often not profiled) bearing single specific alteration such as glycation. 

Conversely, the natural microheterogeneity of circulating HSA implies the simultaneous and dynamic 

presence of a series of alterations, including reversible and irreversible oxidation, glycation, and 

truncation, as evidenced by MS-based studies (Chapter 4). This leads to a warning concerning the 

clinical impact of outcomes obtained in conditions which are far from physiological/pathological 

ones. Based on these considerations and following our interests in DKD and cirrhosis, these two 

pathological conditions were selected for investigating possible alterations of HSA binding 

properties.  

Indeed, while it is now widely acknowledged that decompensated cirrhosis causes structural damage 

to HSA, it remains uncertain whether these alterations significantly affect its biological functions and 

drug-binding capacity [27]. Additionally, it is unclear whether these changes can serve as a marker 

for disease prognosis, as it has been recently suggested for some structural HSA modifications [11]. 
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To address these questions, SPR technology and the validated sensing surfaces were exploited to 

conduct an ex vivo preliminary examination of HSA binding functions in patients diagnosed with 

decompensated cirrhosis. 

This pilot study compared plasma samples from six patients hospitalized due to acute-on-chronic 

liver failure (ACLF) to those of six age-matched healthy controls. Samples were provided in 

collaboration with the research group of Prof. Caraceni of the Department of Medical and Surgical 

Sciences, University of Bologna. Plasma samples were carefully diluted and filtered to prevent any 

system clog. The established selectivity of the immunocapturing method ensured that only HSA was 

retained, with no other serum proteins interfering. Nevertheless, multiple injections of human serum 

over the same immuno-surface could lead to progressive antibody denaturation due to repeated 

exposure to plasma proteases. Therefore, to prolong the sensor chip's lifespan, serum samples were 

appropriately diluted in PBS (20 mM; pH 7.4) containing a cocktail of protease inhibitors (98:2; v/v). 

Differences in KD values for the selected markers for the three main HSA binding sites between 

healthy subjects and cirrhotic patients were evaluated. When considering different binding sites, it 

appeared that, in cirrhotic patients, the binding capacity of HSA at Sudlow site I was slightly higher 

than that in healthy controls (p = 0.028, Figure 5.8a). Conversely, t test did not reject the null 

hypothesis, with a 95% confidence level, of no differences in affinity towards DPA and BDV for sites 

II and III, respectively (p = 0.9112 and 0.1925, respectively), suggesting that structural changes in 

cirrhotic patients do not impact binding capacity at these sites (Figure 5.8b and 5.8c). However, a 

different behavior was observed for the binding of TEICO. Indeed, the Student t test rejected the null 

hypothesis of no different binding capacity towards HSA between cirrhotic patients and controls (p = 

0.0002). In particular, the structural changes in HSA lead to a reduction of TEICO affinity (Figure 

5.8d). Given that TEICO is a selected antibiotic for treating infections in cirrhotic patients, this finding 

is potentially significant and warrants further evaluation, [43, 47]. Indeed, inappropriate empiric 

antibacterial therapy can lead to treatment-related antimicrobial resistance and increased toxicity. An 

altered drug affinity to HSA may result in an alteration of expected levels of free drug and, 

consequently of drug action, and possible side effects [48, 49]. 
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Figure 5.8. Average KD values for the three site-specific binding markers and teicoplanin (TEICO) for 
controls (CTRL, gray) and for patients with decompensated cirrhosis with ACLF (in red). Column graph 

graphs for (A) PBZ as a marker for Sudlow site I, (B) DPA as a marker for Sudlow site II, (C) BVD as a marker 

for site III and (D) TEICO as a non-site-specific HSA binder. 

 

5.3.6  Ex vivo assessment of HSA binding functions in patients with T2DM 

In patients with cirrhosis and liver failure, TEICO exhibited a notably increased KD value as compared 

to healthy controls. Consequently, this drug was chosen to conduct a preliminary assessment of 

whether HSA binding capacity was affected also in patients suffering from T2DM. For this pilot 

study, 20 diabetic patients were selected in order of enrollment, with 10 categorized as having no 

renal damage (DM-DKD) and the remaining 10 presenting severe renal impairment (DM+DKD III). 

This classification was based on their eGFR and albuminuria levels [44]. Despite the substantial 

structural damage observed in HSA within this population, as determined by LC-MS analysis 

discussed in Chapter 4, it was found that the binding capacity of TEICO was not affected (Figure 

5.9). 

 

Figure 5.9. Average KD values for teicoplanin binding to HSA in control DM-DKD patients (gray) and 

DM+DKD patients. 

 

This outcome may be considered reasonable when comparing the extent of HSA structural damage 

in diabetic patients and cirrhotic patients with liver failure. Indeed, a previous study revealed that 

cirrhotic patients with liver failure have extensive structural alterations and lower levels of native 

HSA, when compared to healthy individuals, accounting for only about 9% of total HSA [50]. In fact, 
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due to severe oxidative stress, a substantial portion of the HSA exists in the form of reversibly 

oxidized HSA (HNA-1), accounting for approximately 88% of the total albumin. In contrast, the 

diabetic patients with severe renal damage enrolled for this study, had 52% native HSA and 26% 

HNA-1. Figure 5.10 illustrates the differences between the deconvoluted mass spectra obtained from 

the plasma of a cirrhotic patient with liver failure and a diabetic patient with severe renal damage. 

This stark contrast can be macroscopically observed in the varying levels of native and cysteinylated 

HSA. 

 

 

 

Figure 5.10. Deconvoluted ESI-MS spectrum of HSA. In (up) a plasma sample from a cirrhotic patient with 

liver failure and (down) from a diabetic patient with DM+DKD renal impairment. 

 

5.3.7  Evaluation of sensor-chip stability 

Besides demonstrating that the anti-HSA antibody was able to extract both native and altered forms 

of HSA and preserve their relative abundances, a further important aspect to consider is the long-term 

stability of the sensor chip. To assess this, at the beginning of each analysis, a 50 µM commercial 

HSA solution was immobilized on the chip surface, and the extent of capture was quantified. The 

graph in Figure 5.11 illustrates the capture value as a percentage throughout multiple analyses 
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conducted using the same sensor chip. The initial capture level, occurring right after the covalent 

immobilization of the anti-HSA antibody, was designated as 100%, and subsequently, the decline in 

percentage was calculated. Notwithstanding a progressive reduction of the sensor chip capturing 

ability with increasing analysis cycles (which can be conceivably related to a progressive denaturation 

of the immobilized antibody as a consequence of the increasing number of surface regeneration steps), 

as depicted in Figure 5.11, the sensor chip could be used for over 500 analyses, with a half-life of ~ 

160 cycles, including numerous tests conducted with plasma. As previously mentioned, to extend the 

lifespan of the sensor chip, the addition of a protease inhibitor cocktail in plasma samples before their 

analysis was strongly needed. Indeed, preliminary experiments revealed a faster reduction in antibody 

capture capacity when exposed to plasma without protease inhibitors than solutions containing 

standard HSA. The decrease in capturing ability upon the number of injections was not linear since 

stress inputs impacting the antibody performances not only arise from increasing number of surface 

reactivation steps (stress inputs) but also from routine instrument/microfluidics cleaning and 

maintenance procedures which require the sensor chip is taken out from the instrument. Finally, and 

importantly, it must be underlined that, in terms of usability of the sensor chip for KD determination, 

as by definition, we did not encounter any significant deflection in assessed affinity values (as 

determined assessing reference markers), even if obviously the intensity of the recorded binding 

signals weakens in parallel to the progressive reduction of the amount of immobilized target. 

 

Figure 5.11. Variation in commercial HSA capture by anti-HSA antibody. The graph represents the 

percentage (%) of capture level variation, plotted as a function of the number of overall HSA capture cycles. 

These cycles comprehend both commercial HSA and HSA immunocaptured from plasma samples. 
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5.4 Conclusions and perspectives 

The current study underlines the importance of investigating HSA binding properties in various 

pathological conditions, particularly those characterized by an exacerbated oxidative stress and 

altered inflammatory responses. Numerous studies have previously assessed the impact of structural 

modifications on HSA binding capacity [43–45]. These investigations have been often performed in 

vitro and have focused on the impact of single modifications such as glycation or oxidation. Those 

conditions cannot, hence, properly reflect the complexity of patients’ samples, in which 

microhetrogeneity profile of albumin dynamically changes upon physiological and pathological 

conditions. The present study exploited SPR technology to evaluate whether structural alterations in 

circulating HSA could affect its binding properties. We developed biosensing surfaces functionalized 

with a selective anti-HSA antibody which were validated using specific markers for the three major 

protein binding sites and teicoplanin, an antibiotic drug which is a non-site-specific HSA binder, i.e., 

it does not bind at one of the three main HSA binding sites. The optimized sample preparation 

procedure and protocol enabled highly reproducible analyses and the use of the sensor chip for 

hundreds capture-release cycles, also strongly reducing analysis costs. Due to the selectivity and 

affinity of the immobilized antibody, the functionalized surface could capture HSA directly from the 

plasma of healthy or diseased subjects and was suitable for preliminary evaluating alterations in the 

binding properties of cirrhotic patients affected by ACLF. Comparison of the outcomes of the pilot 

study performed on the cirrhotic patients and patients with DKD suggests that as long as the structural 

damage is not extensive, HSA could retain its binding capacity. Concerning the binding properties of 

at the three main binding sites, only a minor alteration in binding properties at site I was encountered 

in cirrhotic patients. In contrast, a change in affinity of the non-site-specific binder teicoplanin was 

detected. In agreement with a lower extent of structural damages, investigations on HSA binding 

capacity in diabetic patients with renal impairment using teicoplanin as a probe did not show any 

alteration.  

The developed biosensing surfaces offer promising opportunities for patient-specific investigations 

considering a more personalized therapeutical intervention, paving the way for further studies into 

HSA alterations in pathologies characterized by oxidative stress and inflammation. 
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6.1 Background 

In recent years, the field of cancer therapy has witnessed remarkable progress; however, a substantial 

number of solid tumors, particularly the most aggressive subtypes, continue to present significant 

challenges in terms of effective treatment options. Accounting for 15-20% of all breast cancer cases, 

triple-negative breast cancer (TNBC) is currently an unmet clinical need. Characterized by the 

absence of estrogen, progesterone, and human epidermal growth factor 2 receptors, TNBC is 

associated with elevated rates of distant recurrence and diminished overall survival [1].  

In response to the limited efficacy of current treatments, extensive efforts have been undertaken to 

expand therapeutic horizons for TNBC patients [2, 3]. Over the past decade, growing evidence has 

underscored the immune system's pivotal role in shaping this disease's trajectory [4]. Tumor-

infiltrating lymphocytes (TILs) have emerged as reliable indicators of a favorable prognosis in both 

adjuvant and neoadjuvant settings [5, 6]. Alongside TILs, the presence of immune evasion molecules 

in the tumor microenvironment (TME), such as programmed death-ligand 1 (PD-L1) and 

indoleamine-2,3-dioxygenase enzyme 1 (IDO1), has been shown to exert negative influences on 

TNBC prognosis [7–9]. 

Notably, the overexpression of IDO1 can limit the cytotoxic killing ability of TILs by interfering with 

immune metabolism [10–12]. IDO1 catalyzes the initial and rate-limiting step of the kynurenine 

(Kyn) pathway, converting the essential amino acid L-tryptophan (Trp) into the immunosuppressive 

https://doi.org/10.26434/chemrxiv-2023-h5h2z
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metabolite L-Kyn. This conversion has a dual impact: Trp depletion triggers T cell apoptosis via the 

mammalian target of rapamycin complex 1 (mTORC1) regulatory protein [13]. At the same time, 

increased Kyn levels activate the aryl hydrocarbon receptor (AHR), a transcription factor responsible 

for the differentiation of effector CD4+ cells into regulatory T (Treg) cells [14]. Consequently, IDO1 

inhibition has emerged as a promising avenue to redirect immune surveillance toward cancer cells 

[15–17]. 

Simultaneously, recent studies have unveiled the capacity of certain chemotherapeutic agents, such 

as doxorubicin, camptothecin, oxaliplatin, and paclitaxel (Ptx), to induce immunogenic cell death 

(ICD) [18]. During ICD, dying cancer cells release damage-associated molecular patterns (DAMPs) 

and danger signals, such as calreticulin (CRT), adenosine 5'-triphosphate (ATP), and high-mobility 

group box 1 protein (HMGB1), which collectively recruit phagocytic cells and activate the immune 

system at the tumor site. Additionally, ICD leads to the exposure of tumor antigens on the surface of 

dying cancer cells, which can be taken up by antigen-presenting cells to stimulate a T cell response 

[19]. ICD has garnered substantial interest in cancer immunotherapy, as it can enhance the efficacy 

of immune checkpoint inhibitors, such as IDO1 inhibitors, by priming the immune system to 

recognize and target cancer cells [20]. Consequently, the combination of inducing ICD and alleviating 

IDO1 immunosuppression by simultaneously delivering drugs to the TME in an optimal ratio is 

expected to yield potent antitumor efficacy in TNBC.  

The concept of combination therapy, involving the integration of multiple drugs within a single entity, 

represents a promising approach to minimize unwanted toxicities, ensure balanced pharmacokinetics, 

and achieve enhanced drug delivery to the tumor site [12]. In this context, carrier-free drug delivery 

systems have garnered considerable attention due to their distinct advantages over carrier-based 

systems, including a high drug payload and the absence of carrier-induced toxicity [21]. 

Furthermore, exploiting the natural binding affinity of human serum albumin (HSA) presents an 

attractive option for achieving targeted drug delivery and optimizing the pharmacokinetic profile of 

drugs and nanosystems [22]. As a critical source of energy and amino acids, HSA is actively recruited 

into the TME, leading to enhanced accumulation in tumor tissues compared to normal tissue [23]. 

Consequently, endogenous HSA can serve as an effective carrier for targeted drug delivery to tumors 

by utilizing albumin-binding moieties, facilitating the biomimetic delivery of drugs to tumor cells 

[24, 25]. Multiple studies have demonstrated that attaching drugs or molecular conjugates to HSA 

significantly prolongs their circulation time and reduces their reticuloendothelial system (RES) 

clearance, thereby promoting their accumulation and retention at the tumor site [26]. 
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In this context, three HSA-binding prodrugs (pMAC1, pMAC2 and nMAC) and their corresponding 

nanobinders (NBs) were designed and synthesized by the research group of Dr. Greta Varchi (ISOF, 

CNR, Bologna) with the aim of achieving novel non-covalent HSA-binding amphiphilic prodrugs of 

the cytotoxic drug Ptx and of the IDO1 inhibitor NLG919 (Nlg) for the treatment of TNBC. To reach 

this aim, pMAC1, pMAC2, and nMAC were specifically designed to possess a truncated Evans blue 

(tEB) fragment, namely the truncated form of Evans blue, an azo dye with high affinity to HSA [27]. 

The newly synthesized prodrugs were investigated by us in terms of affinity towards HSA, using a 

similar SPR approach as the one adopted in Chapter 5. The binding affinity studies aimed at 

evaluating whether the three designed prodrugs were able to interact with HSA with reference to the 

modified EB fragment.  
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6.2 Materials and methods 

SPR analysis was conducted using a Biacore X100 instrument (GE Healthcare, Uppsala, Sweden). 

The binding affinities, expressed as dissociation constants (KD), were determined through single-

cycle analysis employing a CM5 sensor chip. In both flow cells of the sensor chip, immobilization of 

an anti-HSA antibody (polyclonal anti-human albumin antibody, Sigma-Aldrich, Merck, Italy) was 

carried out using amine coupling by Amine Coupling kit (GE Healthcare, Uppsala, Sweden). 

Subsequently, the functionalized sensor chip was utilized to capture human serum albumin (HSA, 

96%, essentially fatty acid-free, product code A1887; Sigma-Aldrich, Merck, Italy) through 

immunocapture. 

The single-cycle kinetics approach was adopted for the analyses. During each single-cycle analysis, 

a 50 μM HSA solution was passed over the surface of the active cell at a flow rate of 5 μL/min for 

840 s to allow for HSA immunocapture. Solutions of tEB and pMAC1 were prepared at 

concentrations of 0.781, 1.56, 3.12, 6.25, and 12.5 μM. In contrast, pMAC2 and nMAC were prepared 

at concentrations of 1.56, 3.12, 6.25, 12.5, and 25.0 μM in 20 mM phosphate-buffered saline (PBS) 

at pH 7.4, containing 0.05% (v/v) TWEEN® 20 and 2% (v/v) dimethyl sulfoxide (DMSO). The 

analysis was performed at a flow rate of 30 μL/min, with each analyte solution allowed to interact 

with HSA for 120 s. Following each cycle, two subsequent regeneration steps were performed by 

injecting a 100 mM glycine hydrochloride (Gly) solution and a 50 mM sodium hydroxide (NaOH) 

solution at a 10 μL/min flow rate for 40 s to regenerate the sensor surface. 

The SPR sensorgrams were corrected through a double referencing procedure and were globally fitted 

using a 1:1 binding model. KD values were calculated using the Biacore X100 Evaluation Software 

version 2.0.1 in affinity mode (GE Healthcare). All SPR experiments were conducted in duplicate, 

and the binding affinities for each analyte were averaged across the two experiments. 
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6.3 Results and discussion 

6.3.1 MACs characterization: HSA binding affinity of Ptx-based MACs  

A SPR analysis was conducted to verify whether chemical modifications introduced to tEB did not 

compromise its capacity to bind HSA. During this investigation, we assessed the binding affinity of 

pMAC1, pMAC2, and nMAC in relation to HSA immunocapture with respect to tEB. To achieve this, 

we prepared an HSA-functionalized sensing surface able to immunocapture HSA onto a CM 5 

(carboxy methyl-functionalized surface) sensor chip, previously functionalized with an anti-HSA 

antibody via amine coupling. To zero out non-specific interactions of analytes with surface-bound 

antibody, we functionalized the reference flow-cell with the same antibody. The undertaken 

experimental procedure for HSA immobilization was the same as that adopted in experiments 

described in Chapter 5 for the investigations on the binding properties of HSA from diabetic patients 

with renal impairment. Given the anticipated low dissociation rates of EB-HSA complexes, we 

employed a single-cycle kinetics approach to determine the affinity constants. tEB is reported to keep 

a suitable affinity towards HSA, although to a lower extent. However, to our knowledge, a detailed 

investigation of the kinetics of the interaction has not yet been reported. In single-cycle kinetics 

protocol, sequential injections of increasing analyte concentrations were injected over the ligand, 

without performing any dissociation or regeneration between each sample concentration. 

In the given experimental conditions, the interaction between tEB and HSA yielded a KD value of 

20.7 ± 1.5 μM. Our investigations into MAC derivatives confirmed that the structural modifications 

did not hinder their ability to bind HSA. Conversely, all the derivatives exhibited a slightly higher 

affinity for HSA compared to tEB, although still within the same order of magnitude. This suggests 

that the increased structural complexity of MACs likely contributes to the further stabilization of the 

complexes. The KD values for tEB and MACs are summarized in Table 6.1. 

 

Table 6.1. HSA binding affinities of tEB and Ptx-based MACs. Results are averaged over two independent 

SPR experiments.  

Compound KD (µM) 

tEB 20.7 ± 1.5 

pMAC1 14.6 ± 0.1 

pMAC2 8.1 ± 1.1 

nMAC 8.5 ± 0.1 
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6.4 Conclusions 

Recognizing the pivotal role of the immune system in shaping TNBC's trajectory, this study explored 

the combination therapy strategy of targeting the immune checkpoint molecule IDO1, alongside the 

ICD triggered by Ptx, as chemotherapeutic agents. This approach aimed to enhance the activation and 

maintenance of a tumor-specific T-cell immune response within the tumor microenvironment. 

Since structural modifications may impair the binding affinity of tEB and HSA, a preliminary 

evaluation of binding properties of the designed MACs was required before further steps could be 

undertaken. The selected SPR approach, employing a biosensing surface functionalized with a 

selective anti-HSA antibody in both flow cells to reduce the non-specific binding between the 

immobilized antibody and analytes and the single-cycle kinetics approach adopted for the binding 

affinity determination resulted to be an optimal strategy. Binding affinity studies confirmed that 

structural modifications required for the preparation of bioresponsive prodrugs did not impair 

interaction with HSA. Hence the three MACs resulted to be all suitable for being included in tailored 

delivery systems. 
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Chapter 7. Investigating the metabolic network in patients affected by 

diabetic kidney disease 

 

7.1 Background 

Diabetic kidney disease (DKD) poses a significant and escalating health challenge worldwide, 

particularly among individuals with type 2 diabetes mellitus (T2DM). DKD is characterized by 

impaired kidney function and an increased risk of progression to end-stage renal disease (ESRD) and 

significantly impacts the quality of life for patients affected by such a disease [1–3]. The global 

prevalence of T2DM has reached alarming proportions, with the International Diabetes Federation 

reporting approximately 537 million adults living with diabetes in 2021, projected to surge to 700 

million by 2045 [4]. Remarkably, DKD affects 20-40% of individuals with T2DM, underscoring its 

critical role as a prevalent complication [5]. The consequences of DKD on patients' quality of life are 

profound. As the disease advances, patients suffer from proteinuria, hypertension, edema, and 

deteriorating kidney function. DKD substantially raises the risk of cardiovascular events, progression 

to ESRD, and premature mortality [6]. Moreover, patients in the end stage of DKD require renal 

replacement therapy, commonly in the form of hemodialysis (HD), adding to the economic burden 

and further compromising their quality of life [3]. 

Early detection and intervention are paramount in effectively managing DKD and mitigating its 

harmful outcomes. The diagnosis of DKD relies on clinical markers such as albuminuria and 

estimated glomerular filtration rate (eGFR) [7]. However, these markers become apparent only in 

later disease stages when irreversible damage has already occurred. Therefore, there is an urgent need 

to identify sensitive and specific biomarkers that enable early detection of DKD and risk stratification, 

particularly in individuals with T2DM [8–10]. By comprehensively analyzing the metabolite profile 

of T2DM patients with and without DKD, metabolomics may allow for the identification of disease-

specific markers and provide valuable insights into underlying pathophysiological mechanisms. 

Through metabolomic analysis, this study aims to investigate the metabolic network underlying DKD 

and suggest possible biomarkers for early-stage DKD, with the ultimate goal of enabling timely 

interventions and improving clinical outcomes for patients with T2DM-associated DKD. 
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7.2 Materials and Methods 

7.2.1 Study design 

As part of the more comprehensive study investigating HSA functional and structural alterations in 

T2DM individuals (Chapter 4 and 5), 68 plasma samples of patients, male and female, attending the 

Metabolic Diseases & Clinical Dietetics Unit of the IRCCS Azienda Ospedaliero–Universitaria di 

Bologna, in Bologna (Italy), were selected in order of enrollment. Out of the 68 patients, 25 did not 

present renal impairment at the time of the recruitment (DM–DKD), whereas the remaining were 

affected by DKD at different stages (DM+DKD I, DM+DKD II, DM+DKD III). Blood samples 

(plasma and serum) were collected on fasting and were centrifuged at 3000 g for 10 minutes. After 

collection, serum was aliquoted into cryotubes (Corning Inc., Corning BV, Amsterdam, The 

Netherlands) and stored at –80°C. Plasma proteins were precipitated by adding 400 µL of ice-cold 

methanol to 100 µL of plasma sample. Samples were vortexed and centrifuged at 13000 g for 10 min 

at 4°C. 375 µL of supernatant were collected and dried under vacuum by a SpeedVac Concentrator 

(Thermo Fisher Scientific, Waltham, MA, USA) and stored at –80°C until analysis. 

 

7.2.2 Untargeted metabolomics analysis 

7.2.2.1 Chemicals  

ACN (Fischer Scientific, UK) and MeOH (Supelco, Sigma Aldrich, Germany) were of LC-MS grade. 

Milli-Q® water (18 MΩ cm, Millipore, Bedford, MA, USA) was used to prepare mobile phases and 

standard solutions. Ammonia solution (28%) and glacial acetic acid (99.8%) were purchased from 

VWR Chemicals (France). Formic acid (98%) of mass spectrometry grade was from Honeywell 

International Inc. (Muskegon, USA). Methionine sulphone was used as internal standard (Sigma-

Aldrich, Germany). A stock solution of 100 mM ammonium acetate in water was prepared from 

ammonia and acetic acid adjusted to pH 9 with ammonia. It was used to prepare the mobile phases 

for the analyses in negative ionization mode. A 100 mM ammonium formate stock solution was used 

to prepare the mobile phases for the analyses in positive ionization mode. Reference mass solutions 

for LC-MS were obtained from Agilent Technologies. 

 

7.2.2.2  Samples resuspension and processing 

Dried supernatants were resuspended in 150 µL of a 25/75 mixture of Milli-Q water and MeOH, 

containing 0.2 mM methionine sulfone as internal standard (IS). Samples were vortexed for 2 min, 

and 50 µL for positive and 50 µL for negative mode analysis were injected into the UHPLC-MS 

system. Quality control samples (QCs) were prepared by combining equal volumes of metabolites 
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resuspension. In addition, blank samples were prepared using the same proportion of water and 

MeOH and were analyzed at the beginning of each analytical session to stabilize and condition the 

analysis system. Furthermore, QC samples were also injected throughout the run every 6-7 

experimental samples to assess the stability and performance of the analysis. Finally, QC samples 

were also injected at the end of the analysis session. All experimental samples were randomized 

before sample preparation and analytical session. 

 

7.2.2.3  HILIC analysis of the plasma samples 

The method previously reported by Moran et al. was slightly adapted [11]. For MS analysis, a UHPLC 

system (1290 Infinity II system, Agilent Technologies, Waldbronn, Germany) coupled to a 6546 

QTOF (Agilent Technologies) instrument, with an ESI ion source operated in negative and positive 

ionization modes was employed. The chromatographic separation was achieved by a XBridge® BEH 

Amide XP 2.5 μm, 2.1 mm x 100 mm column XP (Waters, Milford, MA, USA) and a pre-column of 

the same type (XBridge® BEH Amide XP 2.5 μm, 2.1 mm x 5 mm). 

For MS analyses performed in negative mode, mobile phases were prepared from a 100 mM 

ammonium acetate stock solution (pH = 9). Mobile phase A was 10 mM ammonium acetate with 2.5 

μM InfinityLab deactivator additive (Agilent, P.-N. 5191-4506). Mobile phase B was 10 mM 

ammonium acetate in H2O/ACN (15:85, v/v) with 2.5 μM of the same deactivator. The flow rate was 

kept constant at 0.250 mL/min, and the column was maintained at 50 ºC. A gradient was developed 

as follows: 96% B for 2 min, 96-88% in 3.5 min; 88% B for 3 min, 88-86% in 0.5 min, 86% for 5 

min, 86-82% in 3 min, 82-65% in 6 min, 65% for 1 min, 65-96% in 0.5 min. After each run, column 

was equilibrated with the mobile phase composition of the starting conditions for 14 min before the 

next injection. The flow rate was set at 0.250 mL/min and the injection volume was 0.5 μL. For MS 

analyses the following conditions were set: 3500 V capillary voltage, 125 V fragmentor, 45 V 

skimmer, 750 V octupole radio frequency peak (OctopoleRFPeak), 11 L/min for drying gas flow rate 

at 225 ºC gas temperature, and 40 psi nebulizer pressure, 13 L/min sheath gas flow, and 370ºC sheath 

gas temperature. Data were acquired in centroid mode in the 70-1100 m/z range, and scan time was 

set at 0.33 s. 

For MS analyses in positive mode, mobile phases were prepared from a 100 mM ammonium formate 

stock solution (pH = 4.0). Mobile phase A was 10 mM ammonium formate with 2.5 μM InfinityLab 

deactivator additive (Agilent, P-N. 5191-4506) and 0.1% v/v formic acid. Mobile phase B was 10 

mM ammonium formate in H2O/ACN (10:90, v/v) with 2.5 μM of the same deactivator. The flow rate 

was kept constant at 0.250 mL/min and the column was maintained at 25 ºC. A gradient was 
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developed as follows: 98% B for 3 min, 98-70% in 8 min, 70-60% B in 1 min, 60-55% B in 2 min, 

55% for 2 min, 55-98% in 1 min. After each chromatographic run, the column was equilibrated with 

starting conditions for 12 min. The injection needle and injection port were rinsed with mobile phase 

B before each injection. The flow rate was set at 0.250 mL/min and the injection volume was 0.5 μL. 

MS detection was performed using the following set up: 3000 V capillary voltage, 125 V fragmentor, 

65 V skimmer, 450 V OctopoleRFPeak, 10 L/min for drying gas flow rate at 225 ºC gas temperature, 

and 40 psi nebulizer pressure, 6 L/min sheath gas flow, and 225 ºC sheath gas temperature. Data were 

acquired in centroid mode in the 70-1100 m/z range, and scan time was set at 0.33 s. 

After each injection, injection port was back flushed with solvent mixtures that matched the initial 

chromatographic conditions for both the positive ionization mode and the negative ionization mode 

methods. For metabolites annotation, 10 iterative-MS/MS fragmentation runs were performed on a 

QC sample for positive and negative ionization modes. Iterative-MS/MS runs were performed with 

an MS and MS/MS scan rate of 3 spectra/s, 50-1700 m/z mass window, a narrow (~1.3 amu) MS/MS 

isolation width, and a cycle time of 3.1 s, an MS/MS threshold of 5000 counts and 0.001% and with 

collision energy set in 20 eV (for 5 iterative runs) and 40 eV (for other 5 iterative runs). Reference 

masses and contaminants present in blanks were excluded from Iterative-MS/MS analysis. The 

Iterative-MS/MS is a data-dependent analysis (DDA) in which the software automatically selects the 

most abundant ions during each scan for MS/MS fragmentation in a single injection. These selected 

ions are then excluded from further injections to enhance the coverage of analytes. 

 

7.2.3 Data analysis 

7.2.3.1 Quality assurance procedure 

Quality control and quality assurance procedures were performed according to published quality 

guidelines [12]. On completion of the analyses, the quality of the raw data acquired was checked by 

inspecting the chromatograms obtained using MassHunter Qualitative analysis software 

(Ver.B.10.00, Agilent Technologies). Figure 7.1 shows the metabolic fingerprints obtained from the 

LC-MS analysis of a pool of QC samples from the population under study. The reproducibility of 

retention time of the selected IS was also checked at this stage. After a specific data pre-processing 

step, data were subjected to Principal Component Analysis (PCA) to observe signal drift, variation in 

QC samples and possible outliers. In addition, Hotelling's T2 Range Plot was used to evaluate the 

PCA-X model. Control charts were generated by plotting total acquired signals against the order of 

sample acquisition to assess analytical precision. The variation within measurements was determined 

by calculating the coefficient of variation (CV) for both QC and experimental sample groups. Quality 
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control and quality assurance procedures were performed throughout data processing steps [13, 14]. 

Evaluation of data quality highlighted that sample G062 from the HILIC-MS (+) matrix differed in 

its metabolome profile compared to the rest of the group and was identified as an analytical outlier 

due to injection problems. Hence, prior to data pre-treatment, this outlier was removed, ensuring that 

the subsequent analyses were not influenced by it. 

 

 

 

Figure 7.1. Representative HILIC-MS chromatograms of metabolic fingerprints. Panel A) and B) are 

representative total ion chromatograms belonging to a pool QC sample. 

 

7.2.3.2  Data pre-processing 

MassHunter Qualitative analysis (Ver. B.10.00, Agilent Technologies) was used to examine the 

quality of acquired chromatograms. Raw data were pre-processed with Agilent Mass Hunter 

Profinder Software (Ver. B.10.00, Agilent Technologies), which performs batch molecular feature 

extraction on each data file that reduces data complexity by removing redundant and non-specific 

information and identifying important features (variables) associated with data. 

Related co-eluting ion signals (isotopologues, common adducts, detected dimers or ions with neutral 

water loss) were summed and grouped into one metabolic feature. Data matrix was extensively 

cleaned by manual inspection of the quality of each metabolic feature, including peak area and 
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retention time integration with MassHunter Profinder Software (Ver. B.10.00, Agilent Technologies). 

Raw data matrix consisted of 11 QCs and 68 experimental samples with 492 metabolic features in 

positive mode and 1046 in negative mode. 

 

7.2.3.3  Data pre-treatment and statistical analysis 

Obtained data matrix was imported into Microsoft Excel (Microsoft, Redmond, WA, USA) for further 

calculations. Blank subtraction, data curation (i.e., removal of biologically non-relevant features to 

retain only high-quality data for subsequent analysis and interpretation), and removal of duplicate 

features were performed to delete irrelevant information. Curated data matrices, with 442 reported 

features in positive mode and 727 in negative mode, were used for further evaluation. In data pre-

treatment workflow, metabolic features detected in less than 50% of QC samples were excluded from 

data matrix. That was not the case for our data, as we did not observe any missing value in QC 

samples. Systematic variation of the instrument response was evaluated by plotting the sum intensity 

of all metabolic features over the acquisition time as well as considering the group index.  

An unsupervised PCA-X was applied to detect patterns, trends, and outlying observations according 

to Hotelling’s T2 Range Plot (SIMCA-P+ 17.0, Umetrics, Umea, Sweden). One sample, as depicted 

in the PCA scatter plot (Figure 7.2), was identified as a strong outlier (with a T2 range value exceeding 

99%) and, indeed, excluded from further data analysis since it fell outside the confidence ellipse 

range. The inspection of original chromatogram additionally confirmed that the metabolome of this 

sample was significantly different as compared to others. Missing values in experimental samples 

were imputed using the K-nearest neighbors (kNN) algorithm [15]. Because of samples heterogeneity 

due to unwanted variation during sample collection, for the normalization step, a study of different 

normalization strategies was performed.  

Chromatographic data acquired from resuspended plasma samples were EigenMS-normalized using 

NOREVA 2.0 (normalization and evaluation of MS-based metabolomics data, 

http://idrblab.cn/noreva/) [16]. Appropriateness of EigenMS normalization was assessed by 

inspection of relative log abundance (RLA) plots, along with distribution of each plasma sample 

based on box plots [17]. This normalization method is an adaptation of surrogate variable analysis, 

which identifies trends attributable to bias, from known and unknown factors, by utilizing singular 

value decomposition on model residuals. Pareto scaling (Par) was applied by dividing each variable 

by the square root of its standard deviation. A logarithmic modification was also performed to lessen 

the effects of noise or excessive variance of data [18]. 

http://idrblab.cn/noreva/
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Once the matrices were normalized and filtered, data were imported into SIMCA P+17 (Umetrics®, 

Umea, Sweden) for multivariate statistical analysis (MVA). An unsupervised PCA-X model was then 

employed to obtain an initial overview of data stability, reliability, and collect preliminary trends and 

clustering within the experimental samples. Subsequently, a supervised partial least square-

discriminant analysis (PLS-DA) was performed. PLS-DA models provided insights into global 

metabolic changes resulting from kidney impairment compared to patients solely affected by diabetes. 

The quality of these models was assessed using the explained variance (R2) and predicted variance 

(Q2) parameters, which measure the overall fit and predictive capability of the model, respectively 

[19]. Cross-validation and CV-ANOVA tools provided by the software were employed for model 

validation. Additionally, variable influences on projection (VIP) values and correlation coefficients 

(p-corr) were also calculated using PLS-DA. Metabolites were considered important in the separation 

between different sample groups when they exhibited a VIP value ≥1 and a p-corr ≥0.5 in absolute 

value.  

A univariate statistical analysis (UVA) was conducted using MATLAB R2023a (Mathworks Inc., 

Natick, USA) using an in-house script that groups different strata of variables into homogeneous 

blocks (broader groups composed of initial groups that do not present significant differences among 

themselves). To do this, first, groups in each variable were sorted from the lowest to the highest 

ranking, and then whether there were significant differences between the rankings is checked using 

Kruskal-Wallis test. As a further step, significant differences between the groups taken pairwise were 

evaluated using the Mann-Whitney U test. False discovery rate (FDR) was controlled using the 

standard Benjamini-Hochberg method (level α = 0.05) for multiple hypothesis testing. Finally, based 

on the matrix of p-values from pairwise comparisons, the application generates homogeneous blocks 

of groups within each variable. Following the various statistical analyses, the percentage change (% 

Change) and the logarithm base two of the fold change (log2FC) were calculated for each possible 

comparison (DM–DKD vs. DM+DKD I, DM–DKD vs. DM+DKD II, DM–DKD vs. DM+DKD III, 

DM+DKD I vs. DM+DKD II, DM+DKD I vs. DM+DKD III, DM+DKD II vs. DM+DKD III). 

Percentage change was calculated in terms of percentage increase and percentage decrease of signal 

intensity. Fold change is a measure describing how much a quantity changes between two 

measurements and it is calculated as the ratio between the two quantities.  

Tentative annotations were assigned to all statistically relevant feature identified in the multivariate 

or univariate statistical analysis. 

Pathway analysis was performed with the Metaboanalyst 5.0 web-based software 

(https://www.metaboanalyst.ca/) [20]. 

https://www.metaboanalyst.ca/
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7.2.3.4  Metabolite annotation 

To classify the four participant strata, all the metabolites that were impacting on univariate and 

multivariate data analyses were identified using different means, including retention time, mass error, 

adducts, CV, fold change, as well as UVA and MVA results. A total of 110 features were subjected to 

metabolite identification, which led to 76 metabolites annotated at level 1–3 according to the 

Metabolomics Standard Initiative (MSI) [21]. First, for the tentative annotation (level 3) of significant 

signals in LC-MS chromatograms, the accurate m/z values of metabolic features were searched in 

online databases, including Kegg (https://www.genome.jp/kegg/), LipidMaps 

(https://www.lipidmaps.org/), and HMDB (https://hmdb.ca/), by the advanced CEU Mass Mediator 

(CMM) tool [22]. Compounds that matched the searched criteria were provisionally assigned on the 

basis of their accurate mass, allowing a maximum mass error of 20 ppm. Additional factors considered 

for assignment included isotope pattern distribution, possibility to form cations and anions, adducts 

formation, and retention time (based on the separation conditions). An automated iterative MS/MS 

mode was used in the analysis to obtain MS/MS spectra and to confirm metabolite annotation (level 

2). Tentative results were manually validated by examining MS/MS spectra and, if necessary, 

comparing them with available spectra in MetFrag and Mass bank database.  

For metabolite identification (level 1), an in-house developed HILIC-MS standards database was 

used. This allowed the comparison of the experimental values with those of reference standards, when 

available. Table 7.1 lists metabolites with showed significant changes, annotated with different 

confidence levels. 

 

  

https://www.genome.jp/kegg/
https://www.lipidmaps.org/
https://hmdb.ca/
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7.3 Results and discussion 

DKD represents a critical and prevalent complication among individuals with T2DM, with severe 

implications for patients' quality of life and healthcare systems worldwide. Despite its devastating 

consequences, early detection and intervention in DKD remain challenging due to the lack of sensitive 

and specific biomarkers that can facilitate timely diagnosis and risk stratification. The existing clinical 

markers, such as albuminuria and eGFR, become apparent only at later stages of the disease when 

irreversible damage has already occurred. This diagnostic delay slows down effective interventions 

and limits the ability to mitigate the progression of DKD. For these reasons, understanding early stage 

KDK and finding early biomarkers is considered of pivotal importance; some of these studies were 

conducted by employing a non-targeted metabolomic approach to comprehensively explore the 

metabolic network underlying kidney impairment [23, 24]. By identifying specific metabolites and 

altered biochemical pathways, it would be possible to uncover novel biomarkers capable of detecting 

early-stage DKD, enabling timely interventions and improving clinical outcomes for this vulnerable 

patient population. 

 

7.3.1  Non-targeted metabolomic-based approach 

7.3.1.1  Analytical workflow 

Each step in the workflow was designed to minimize analytical variability. Samples resuspension in 

methanol and further dilution with water were employed to provide broad polar molecule coverage 

with limited sample manipulation. In addition, to evaluate analytical variation in a data set, QC 

samples were prepared by pooling equal volumes of all samples and injected at regular intervals in 

the sequence [12]. Prior to the analytical sequence, QC samples were also injected to stabilize the 

system. To study all the plasma samples, fifteen injections of QCs were performed at the beginning 

of the system conditioning sequence. To assess the LC-MS quality throughout the sequences, QCs 

were injected every seven/six samples. Furthermore, samples were injected randomly to minimize 

analytical effects, and each batch was balanced with respect to biological groups for analysis 

homogeneity.  

DKD progression is known to be linked to a large variety of metabolites in terms of chemical 

structures and physicochemical properties [9]. We decided to focus on the polar fraction of the 

metabolome by exploiting hydrophilic interaction chromatography (HILIC) combined with positive 

and negative ESI modes. Therefore, in the present study, using these analytical methods, an untargeted 

acquisition method was used to analyze each plasma sample. 
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7.3.1.2  Features selection and normalization 

Data processing, including peak picking and adduct deconvolution, was performed on all sample sets 

acquired in positive and negative ion mode acquisitions. Hundreds of analytical features were 

generated for each data set. Within this large number of features, some ions were not relevant, being 

related to noise or to saturated signals. Variation within measurements was determined by calculating 

CV values for both QCs and the experimental groups of samples. Features with a CV > 20% in the 

QCs were discarded. Moreover, metabolic features detected in less than 50% of the QC samples were 

excluded from the data matrix. QCs were also used for detecting and correcting analytical drift. 

Indeed, a relatively low intra-run analytical drift was observed in the positive dataset. Since analytical 

variability was significantly lower than biological variability, we considered that satisfactory and 

homogeneous analytical conditions were maintained during each acquisition.  

In the context of our analysis, the importance of normalization strategies in metabolomics cannot be 

overlooked. These strategies are essential to ensure the accuracy and reliability of data interpretation. 

Given the complexity of metabolomics data, which may be affected by unwanted variation from 

different sources, careful consideration of normalization methods is crucial. Indeed, pre-analytical 

work (e.g., sample collection and storage) may introduce varying degrees of bias, influencing 

statistical analyses and subsequent biological interpretations. Therefore, we opted for performing a 

thorough evaluation and comparison of various normalization methods to identify the most suitable 

strategy, given the specific characteristics of our dataset and research objectives. As a normalization 

procedure, a singular value decomposition-based method, called EigenMS, was employed. As 

reported by Karpievitch et al. [17] this normalization method allows to preserve group differences in 

metabolomics data by estimating treatment effects with an ANOVA model (multiple fixed effects can 

be estimated). Singular value decomposition of the residuals matrix is then used to determine bias 

trends in the data. The number of bias trends is then estimated via a permutation test and the effects 

of the bias trends are eliminated. EigenMS removed bias of unknown complexity from the LC-MS 

metabolomics data, allowing for increased sensitivity in differential analysis. 

 

7.3.2 Unsupervised analysis: evaluation of the primary sources of plasma variability  

Multivariate models, PCA and PLS-DA, were constructed to further evaluate normalization strategy. 

The unsupervised PCA approach was applied to reduce data dimensionality, extract relevant 

information from the given data sets, and evaluate the main sources of variability. Models were built 

with the four groups under study: DM–DKD – individuals without kidney impairment, DM+DKD I 

– T2DM individuals with diabetic kidney disease stage 1, DM+DKD II – individuals with diabetic 
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kidney disease stage 2 and DM+DKD III – individuals with diabetic kidney disease stage 3. Figure 

7.2 shows PCA score plots before and after normalization strategy, for positive and negative data sets. 

The initial PCA plots were generated also to investigate QC samples clustering and to determine 

method robustness. QC samples were tightly clustered for both analyses, indicating the system was 

stable and reproducible. In all models, the first component of sample scores captures the variation 

associated with kidney impairment. The primary source of variability was associated with different 

DKD stages, as highlighted by the distribution of the four groups for the first component. A trend in 

the metabolic profiles was observed according to disease progression, with DM–DKD being 

associated with the most negative scores on PC1, and positive scores for the three different DKD 

stages. Metabolite contributions were further investigated using loadings plot. This analysis revealed 

that the concentrations of most metabolites increased with disease progression. This relative overall 

accumulation of metabolites in blood due to impaired kidney function is consistent with data 

previously reported in literature [25, 26]. PCA models were mostly driven by the DM–DKD group, 

as shown in Figure 7.2.  

In this context, supervised modeling was conducted to focus on potentially specific biological 

alterations. 

   

   

A) B) C) 

D) E) F) 
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Figure 7.2. PCA-X models. This figure plots the PCA-X models for the HILIC metabolomics analysis, in 

positive and negative ionization modes. The legend of the models would be as follows, QCs samples are 

represented with grey circles, DM–DKD green circles, DM+DKD I yellow circles, DM+DKD II orange circles 

and DM+DKD III red circles. A) PCA-X model of the positive HILIC data, log transformed; B) PCA-X model 

of the positive HILIC data, including QCs, with an R2 =0.460; C) PCA-X model of the positive HILIC data, 

excluding QCs, with an R2 =0.466; D) PCA-X model of the negative HILIC raw data; E) PCA-X model of the 

negative HILIC data, including QCs; F) PCA-X model of the negative HILIC data, excluding QCs, with an R2 

=0.556. All models have been generated with a Pareto scaling and logarithmic transformation. 

 

7.3.3 Supervised analysis: metabolites potentially related to DKD progression 

In addition, supervised modeling was conducted to focus on potentially specific biological alterations. 

An interesting performance was observed on PLS-DA based analysis (Figure 7.3). PLS‐DA models 

were built for the four groups of samples belonging to patients stratified as reported in previous 

chapters: DM–DKD, DM+DKD I, DM+DKD II and DM+DKD III. The categorization of samples 

into different stages of DKD was adopted to investigate metabolites in the frame of disease 

progression and identify potential biomarkers associated with each stage. This approach is consistent 

with the clinical staging of DKD and with established practices in the field of the metabolomics 

research focused on DKD [23, 24]. Comparing the groups in pairs, the first component from all PLS-

DA models was correctly able to discriminate between patients with diabetes and kidney disease 

(DM+DKD I, DM+DKD II and DM+DKD III) and patients with solely diabetes (DM–DKD).  
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Figure 7.3. Supervised PLS-DA score plots of each analytical platform using the four experimental 

groups. PLS-DA models have been built on normalized data and after applying the same scaling and 

transformation used in PCA-X plots. The comparisons on the light orange panel are: A) DM–DKD vs. 

DM+DKD I (R2 = 0.49; Q2 = 0.80), B) DM–DKD vs. DM+DKD II (R2 = 0.56; Q2 = 0.66), C) DM–DKD vs. 

DM+DKD III (R2 = 0.49; Q2 = 0.84), D) DM+DKD I vs. DM+DKD II (R2 = 0.40; Q2 = 0.99), E) DM+DKD 

I vs. DM+DKD III (R2 = 0.33; Q2 = 0.98), F) DM+DKD II vs. DM+DKD III (R2 = 0.38; Q2 = 0.94), they were 

obtained from the LC-MS (+). The comparisons on the light blue panel are: G) DM–DKD vs. DM+DKD I (R2 

= 0.59; Q2 = 0.81), H) DM–DKD vs. DM+DKD II (R2 = 0.66; Q2 = 0.76), I) DM–DKD vs. DM+DKD III (R2 

= 0.66; Q2 = 0.91), J) DM+DKD I vs. DM+DKD II (R2 = 0.49; Q2 = 0.76), K) DM+DKD I vs. DM+DKD III 
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(R2 = 0.43; Q2 = 0.85), L) DM+DKD I vs. DM+DKD II (R2 = 0.53; Q2 = 0.66), they were obtained from the 

LC-MS (-).  

 

However, the first component could not discriminate between DM+DKD II and DM+DKD III with 

the same statistical power. The PLS-DA models exhibited a CV-ANOVA p-value that was notably 

indicative of rejecting the null hypothesis (Figure 7.4). Moreover, the PLS-DA displayed good model 

parameters for explained variation and variation predicted, that confirmed the consistency of our 

findings across different subsets of the data and assess whether the observed differences are robust to 

variations in grouping strategies (Figure 7.4). 
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0.38 0.94 0.78 
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R2X(cum) R2Y(cum) Q2(cum) 

0.59 0.98 0.81 

 

R2X(cum) R2Y(cum) Q2(cum) 

0.66 0.97 0.76 

 

R2X(cum) R2Y(cum) Q2(cum) 

0.60 0.99 0.91 

 

R2X(cum) R2Y(cum) Q2(cum) 

0.49 0.96 0.76 

 

R2X(cum) R2Y(cum) Q2(cum) 

0.43 0.98 0.85 

 

R2X(cum) R2Y(cum) Q2(cum) 

0.53 0.97 0.66 

 

 

Figure 7.4. The performance of cross-validated PLS-DA analysis in each specified comparison for each 

degree of renal impairment. PLS-DA model quality parameter is expressed by R2X(cum), is the sum of 

predictive and orthogonal variation in X variable that is explained by the model; R2Y(cum), the total sum of 

variation in Y explained by the model; Q2 (cum), the goodness of prediction; CV Anova p-value, which is 

reported for each comparison. The p-value refers to the analysis of variance testing of cross-validated 

predictive residuals of PLS-DA model (CV-ANOVA). In all models, the scaling used was Pareto and 

logarithmic transformation. The comparisons on the light orange panel are: A) DM–DKD vs. DM+DKD I, B) 

DM–DKD vs. DM+DKD II, C) DM–DKD vs. DM+DKD III, D) DM+DKD I vs. DM+DKD II, E) DM+DKD 

I vs. DM+DKD III, F) DM+DKD II vs. DM+DKD III, they were obtained from the LC-MS (+). The 

comparisons on the light blue panel are: G) DM–DKD vs. DM+DKD I, H) DM–DKD vs. DM+DKD II, I) 

DM–DKD vs. DM+DKD III, J) DM+DKD I vs. DM+DKD II, K) DM+DKD I vs. DM+DKD III, L) DM+DKD 

I vs. DM+DKD II, they were obtained from the LC-MS (-). P values < 0.05 are in bold. 
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Parallel to MVAs, UVA was performed to separately determine the statistical significance of each 

metabolite. Usually, a combination of univariate and multivariate statistics is employed in 

metabolomics to address various issues [43]. While a variable might not exhibit significance within 

a multivariate model, it could still hold importance when examined through a univariate lens. This 

divergence occurs because multivariate models often fail to identify significant variables when 

considering all metabolites and their interactions simultaneously. Conversely, relying solely on UVA 

may overlook the interconnectedness of metabolite concentrations, as metabolites are linked via 

pathways and could exhibit correlations with other components in the system [44]. This 

comprehensive statistical evaluation allowed to annotate 76 statistically important metabolites (with 

any of the criteria, in any comparison). The results of the annotation procedure are compiled in Table 

7.1 while changes in these selected metabolites are shown in Figure 7.5 in which the average 

intensities of them in DM–DKD, DM+DKD I, DM+DKD II and DM+DKD III groups are depicted 

as heatmap (generated with MetaboAnalyst 5.0, https://www.metaboanalyst.ca) [20]. Using the score 

plot for the heatmap allowed us to directly visualise the underlying differences in the metabolites in 

our samples. The relative abundance of most metabolites was higher in patients affected by DKD than 

in patients with DM. It is, however, worth noting that some metabolites showed an opposite trend.  

 

  

https://www.metaboanalyst.ca/
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Table 7.1. List of annotated compounds. Compound names after annotation process (Compound) are reported with: level of identification (Level ID) following 

MSI recommendations [21]; the 6 homogeneous groups (Table of Homogeneous Groups) resulting from UVA were categorized in ascending order of significance: 

'a', 'ab', 'b', 'bc', 'c', 'cd' and 'cd' with shading progressing from dark yellow to purple. The four groups under study were compared, and for each comparation are 

listed: percentage change (% Change), logarithmic transformation of fold change (log2(FC)), variable importance in projection (VIP) and the p correlation 

coefficient (p(corr)). Additionally, negative statistically significant values are highlighted in red, while positive ones are highlighted in green. 

 

 

Table of Homogeneous Groups DM–DKD vs DM+DKD I DM–DKD vs DM+DKD II DM–DKD vs DM+DKD III DM+DKD I vs DM+DKD II DM+DKD I vs DM+DKD III 
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1,3,7-Trimethyluric acid L2 a b bc c 17.2 0.230 -0.857 1.04 23.3 0.302 -0.965 1.13 24.0 0.310 -0.707 1.20 5.15 0.0724 0.664 1.12 5.7 0.080 0.478 1.15 

11-Oxooctadecanoic acid L2 a b b b 16.3 0.218 -0.853 1.19 24.9 0.321 -0.893 1.41 15.9 0.213 -0.840 1.27 7.40 0.103 0.803 1.31 -0.3 -0.005 -0.420 0.66 

Homocycloleucine L1 a ab b b 11.3 0.155 -0.440 1.14 29.7 0.375 -0.678 1.28 20.1 0.264 -0.537 1.10 16.5 0.221 0.570 1.83 7.9 0.109 -0.393 1.56 

1-Methyluric acid L2 a b b b 15.3 0.206 -0.611 0.980 21.8 0.284 0.533 1.25 21.8 0.285 -0.901 1.299 5.58 0.0784 0.848 1.25 5.6 0.079 -0.807 1.250 

2-(Glutathione-S-yl)-hydroquinone L3 a b c b 40.7 0.492 -0.968 1.93 50.0 0.585 -0.620 0.742 43.1 0.517 -0.530 0.65 6.62 0.0925 0.811 0.720 1.7 0.024 -0.245 0.74 

2,6-Dihydroxynicotinate L2 a b b b 25.5 0.327 -0.863 1.30 31.5 0.395 -0.991 1.35 28.7 0.364 -0.937 1.41 4.82 0.0680 0.619 1.38 2.6 0.036 -0.243 1.35 

2-[4-(sulfooxy)phenyl]acetic acid L3 a b c b 41.1 0.497 -0.874 2.13 47.8 0.564 -0.928 1.07 39.1 0.476 -0.551 1.11 4.72 0.0666 0.760 1.07 -1.5 -0.021 -0.801 1.11 

2-Aminooctanoic acid L1 a b b a 57.6 0.656 -0.771 3.17 68.6 0.754 -0.890 3.02 5.9 0.083 -0.454 2.58 7.00 0.0976 0.659 3.07 -32.8 -0.573 0.523 5.38 

2-Furoylglycine L3 a b c c 30.7 0.386 -0.915 1.54 39.0 0.475 -0.960 1.31 39.9 0.484 -0.922 1.36 6.32 0.0885 0.769 1.33 7.1 0.098 -0.264 1.31 

2-Oxo-3-hydroxy-4-phosphobutanoic acid L3 a b d c 41.4 0.499 -0.964 1.94 53.3 0.617 -0.522 1.12 44.8 0.534 -0.852 1.19 8.46 0.117 -0.505 1.10 2.4 0.034 -0.669 1.14 

3-Carboxy-4-methyl-5-propyl- 

2-furanpropionic acid L2 a b b b 21.8 0.284 -0.631 1.16 24.5 0.316 -0.797 1.06 32.4 0.404 -0.853 1.10 2.27 0.0324 0.525 1.06 8.7 0.120 -0.466 1.09 

3-Hydroxymethylglutaric acid L1 a b d c 28.3 0.360 -0.950 1.51 45.7 0.543 0.844 1.33 38.3 0.467 -0.927 1.38 13.6 0.183 -0.043 1.36 7.7 0.108 -0.828 1.32 

3'-O-Methylguanosine L2 a b c c 10.2 0.140 -0.621 1.09 21.0 0.275 0.221 0.94 20.3 0.267 -0.496 0.92 9.82 0.135 0.013 0.896 9.2 0.127 -0.558 0.92 

4-Aminophenol L2 a b ab b 24.5 0.316 -0.627 1.26 23.8 0.307 -0.703 0.92 20.0 0.263 -0.627 1.09 -0.574 -0.008 0.273 0.856 -3.6 -0.053 -0.109 0.87 

4-Hydroxyproline L1 a b b b 20.9 0.274 -0.873 1.10 23.1 0.300 -0.994 1.53 24.3 0.313 -0.909 1.60 1.79 0.0256 -0.044 1.58 2.7 0.039 -0.456 1.53 
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5-Aminolevulinic acid L2 a b bc c 17.4 0.232 -0.949 1.06 22.9 0.297 0.721 1.54 26.1 0.335 -0.726 1.62 4.65 0.0655 0.857 1.59 7.4 0.103 0.697 1.55 

5'-Methylthioadenosine L1 a b c c 20.3 0.267 -0.957 1.47 29.8 0.376 -0.979 1.56 23.4 0.303 -0.976 1.76 7.88 0.109 0.884 1.33 2.6 0.037 -0.746 1.27 

5-Sulfosalicylic acid L3 a b b b 28.6 0.363 -0.677 1.64 45.8 0.544 -0.702 1.12 40.9 0.495 -0.662 1.18 13.4 0.181 0.659 1.09 9.5 0.131 -0.754 1.13 

6-Deoxocastasterone L3 a b c b 35.9 0.443 -0.976 1.75 45.2 0.538 -0.754 0.676 37.1 0.455 0.713 0.56 6.85 0.0955 0.648 0.659 0.9 0.013 0.284 0.66 

9'-Carboxy-alpha-chromanol L3 a b b b 25.9 0.333 -0.831 1.39 28.6 0.363 0.211 0.784 23.2 0.301 -0.749 0.70 2.11 0.0302 0.667 0.753 -2.2 -0.032 -0.665 0.77 

Acetoacetic acid L2 a b b b 19.0 0.251 -0.591 1.02 21.5 0.281 0.916 1.88 20.6 0.270 -0.958 1.92 2.07 0.0296 0.894 1.85 1.3 0.019 -0.564 1.82 

Acetylpyruvic acid L2 a b c c 16.7 0.223 -0.847 1.21 26.4 0.338 -0.987 1.55 28.2 0.358 -0.937 1.63 8.30 0.115 0.187 1.59 9.8 0.135 -0.723 1.56 

Allantoin L1 a b b b 12.0 0.163 -0.641 0.810 18.7 0.247 -0.991 1.336 15.6 0.209 -0.948 1.397 5.99 0.0839 0.807 1.37 3.2 0.046 -0.723 1.334 

Aminoadipic acid L1 a b b b 22.5 0.293 -0.912 1.64 24.9 0.321 -0.922 1.44 19.5 0.257 -0.906 1.63 1.93 0.0275 0.648 1.13 -2.5 -0.036 -0.444 0.92 

Citraconic acid L2 a b d c 47.2 0.557 -0.985 2.13 61.2 0.689 -0.822 1.55 52.0 0.604 -0.858 1.63 9.56 0.132 0.202 1.60 3.3 0.047 -0.092 1.56 

Cytidine L2 a b b b 28.5 0.362 -0.960 1.52 28.0 0.356 -0.948 1.06 28.6 0.362 0.663 1.10 -0.365 -0.005 0.894 1.06 0.1 0.001 -0.703 1.08 

D-Glucuronic acid L3 a b c c 25.7 0.330 -0.944 1.48 37.4 0.459 -0.022 1.21 39.6 0.481 -0.956 1.25 9.28 0.128 0.822 1.18 11.0 0.151 -0.767 1.20 

Dihydroxyacetone phosphate L3 a b c b 39.5 0.480 -0.963 1.88 51.1 0.596 -0.813 1.31 42.3 0.509 -0.927 1.35 8.35 0.116 0.328 1.33 2.0 0.029 -0.726 1.31 

Dimethylglycine L1 a b c c 33.5 0.417 -0.909 1.66 42.5 0.511 -0.916 1.81 44.6 0.532 -0.891 1.87 6.72 0.0938 0.158 1.81 8.3 0.115 -0.917 1.81 

Dodecanoylcarnitine L2 a a a a -3.04 -0.045 0.212 1.39 -20.85 -0.337 0.433 1.23 -19.67 -0.316 0.406 1.62 -18.4 -0.293 -0.311 2.29 -17.15 -0.271 0.440 2.78 

D-Xylitol L1 a b c c 19.4 0.255 -0.902 1.13 26.0 0.333 -0.634 1.36 28.0 0.356 -0.855 1.42 5.51 0.0774 0.870 1.39 7.2 0.100 -0.678 1.36 

Ethylmalonic acid L2 a b b b 19.8 0.261 -0.835 1.18 28.0 0.356 -0.969 1.49 27.9 0.355 -0.932 1.55 6.80 0.0948 -0.640 1.56 6.7 0.094 -0.713 1.49 

Galactonic acid L3 a b c c 24.1 0.311 -0.878 1.30 31.7 0.397 -0.661 1.19 34.1 0.424 -0.830 1.24 6.10 0.0854 0.796 1.17 8.1 0.112 -0.567 1.19 

Glutamine L1 a b bc c 20.1 0.264 -0.945 1.06 23.1 0.300 -0.634 1.42 23.5 0.305 -0.952 1.46 2.58 0.0367 0.821 1.46 2.9 0.041 -0.698 1.41 

Glycine L2 a b b b 18.0 0.238 -0.912 0.965 21.8 0.284 0.949 2.287 21.5 0.280 0.918 2.377 3.24 0.0460 0.829 2.30 3.0 0.042 -0.804 2.338 

Guanidinosuccinic acid L1 a b b b 11.5 0.157 -0.741 1.16 26.8 0.343 -0.855 1.72 14.9 0.200 -0.854 1.21 13.78 0.186 0.782 1.99 3.1 0.044 -0.599 1.17 

Hippuric acid L1 a ab b ab 2.93 0.042 -0.293 1.31 18.6 0.247 0.468 1.26 7.84 0.109 0.850 1.31 15.3 0.205 0.641 1.26 4.76 0.067 -0.778 1.27 

Hypoxanthine L2 b a ab ab -35.9 -0.642 0.713 1.97 -13.6 -0.211 0.523 1.83 -29.7 -0.508 0.683 1.22 34.8 0.431 0.041 2.59 9.8 0.135 0.177 1.54 

Imidazol pyruvic acid L2 a b bc c 12.4 0.168 -0.860 1.02 16.8 0.224 -0.690 1.35 24.3 0.314 -0.944 1.42 3.91 0.0554 0.865 1.39 10.6 0.145 -0.508 1.36 

Iminodiacetic acid L1 a b b b 22.7 0.295 -0.695 1.33 28.8 0.365 -0.715 1.30 22.2 0.290 -0.715 1.43 5.01 0.0705 0.631 1.03 -0.4 -0.005 -0.513 0.91 
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Inosine L2 a b ab ab 22.3 0.291 -0.491 1.49 22.6 0.294 -0.561 1.08 7.6 0.106 -0.269 1.25 0.239 

0.0034

4 0.359 1.58 -12.0 -0.185 0.146 2.22 

L-2-Hydroxyglutaric acid L1 a b c c 24.9 0.321 -0.804 1.35 37.9 0.464 -0.565 1.40 34.6 0.429 -0.880 1.44 10.4 0.143 0.097 1.46 7.7 0.108 -0.707 1.41 

L-Acetylcarnitine L1 b a a a -24.4 -0.403 0.883 2.27 -19.2 -0.308 0.874 1.67 -24.0 -0.396 0.882 1.74 6.82 0.0952 -0.316 1.87 0.5 0.007 0.282 1.49 

L-Asparagine L1 a b b b 21.8 0.285 -0.956 1.14 28.1 0.357 -0.929 1.49 25.1 0.323 -0.969 1.57 5.15 0.0724 0.680 1.57 2.7 0.039 -0.678 1.49 

L-Homoserine L1 a b b b 19.2 0.254 -0.908 1.02 22.7 0.296 0.885 1.57 22.8 0.296 -0.882 1.70 2.95 0.0419 0.821 1.64 3.0 0.042 -0.790 1.60 

Lysine L3 a b c b 28.4 0.361 -0.966 1.46 33.0 0.411 -0.240 1.41 29.2 0.370 -0.980 1.46 3.53 0.0500 0.841 1.46 0.6 0.009 -0.591 1.41 

L-Malic acid L1 a b c c 12.5 0.170 -0.773 1.05 27.1 0.345 0.136 1.47 19.7 0.259 -0.935 1.52 12.91 0.175 0.767 1.55 6.4 0.089 -0.651 1.47 

L-Serine L1 a b b b 15.6 0.209 -0.867 0.852 20.6 0.270 -0.953 1.727 18.1 0.240 -0.943 1.815 4.34 0.0613 -0.855 1.78 2.2 0.031 0.432 1.769 

L-Tryptophan L1 bc c a ab 2.3 0.032 -0.021 0.924 -10.2 -0.155 -0.878 1.144 -3.4 -0.049 -0.933 1.212 -12.1 -0.187 0.194 1.13 -5.5 -0.082 -0.750 1.152 

Mannitol L1 1 3 4 5 24.5 0.316 -0.610 1.44 26.5 0.339 -0.794 1.24 38.8 0.473 -0.925 1.29 1.61 0.0231 0.802 1.24 11.5 0.157 -0.645 1.25 

Methyl nicotinate L2 a b ab ab 38.1 0.466 -0.345 1.53 42.7 0.513 -0.301 1.78 11.1 0.152 -0.152 1.31 3.30 0.0469 0.343 1.72 -19.6 -0.314 0.209 2.67 

Methyl oxalate L2 b a a a -17.9 -0.284 0.849 1.30 -21.0 -0.340 -0.963 1.61 -19.0 -0.304 -0.955 1.72 -3.84 -0.056 0.306 1.67 -1.4 -0.020 -0.649 1.61 

Methylglyoxal L2 a b c c 22.4 0.291 -0.937 1.18 26.7 0.341 -0.810 2.61 30.6 0.386 -0.751 2.51 3.50 0.0496 -0.532 2.49 6.7 0.094 -0.788 3.20 

Methylimidazoleacetic acid L2 a b b b 23.9 0.309 -0.721 1.37 28.1 0.357 -0.749 1.40 24.1 0.311 -0.752 1.64 3.40 0.0483 0.459 0.849 0.2 0.002 -0.471 1.11 

N(6)-Methyllysine L1 a b b b 22.1 0.288 -0.652 1.33 22.0 0.287 -0.655 1.32 22.4 0.292 -0.697 1.50 

-

0.0866 -0.001 0.314 0.907 0.2 0.003 -0.407 0.96 

N2-gamma-Glutamylglutamine L1 a b b b 22.7 0.295 -0.952 1.52 28.2 0.358 -0.956 1.46 24.4 0.315 -0.961 1.77 4.45 0.0628 0.772 1.06 1.4 0.020 -0.688 1.17 

N4-Acetylaminobutanal L2 a b b b 17.4 0.231 -0.969 1.39 21.8 0.284 -0.973 1.33 14.7 0.198 -0.970 1.44 3.74 0.0530 0.779 1.07 -2.3 -0.034 -0.548 0.80 

N6,N6,N6-Trimethyl-L-lysine L1 a b b b 21.0 0.275 -0.948 1.55 30.0 0.378 -0.978 1.56 25.0 0.322 -0.976 1.90 7.38 0.103 0.850 1.24 3.3 0.047 -0.756 1.50 

N-Acetylasparagine L2 a b bc c 29.0 0.367 -0.933 1.45 34.3 0.426 -0.895 1.28 36.0 0.443 -0.856 1.33 4.14 0.0585 0.737 1.31 5.4 0.076 -0.290 1.29 

N-Acetyl-galactosamine 6-sulfate L2 a b c c 10.1 0.139 -0.786 1.35 23.1 0.300 -0.949 0.937 24.7 0.318 -0.880 0.92 11.8 0.161 0.596 0.894 13.2 0.179 -0.768 0.92 

N-Formylglycine L2 a b b b 33.0 0.411 -0.879 1.61 43.5 0.521 0.238 1.83 39.8 0.483 -0.941 1.89 7.90 0.110 0.892 1.83 5.1 0.072 -0.095 1.81 

N-Methyl-L-proline L1 a ab b ab 4.22 0.060 -0.335 0.911 21.90 0.286 -0.554 1.498 8.07 0.112 -0.352 0.608 17.0 0.226 0.684 2.01 3.69 0.052 -0.265 0.915 

N-Oleoyl Asparagine L3 a ab b b 17.8 0.236 -0.881 1.23 20.7 0.271 -0.939 1.14 15.1 0.203 -0.919 1.27 2.49 0.0354 0.584 0.825 -2.2 -0.032 -0.415 0.67 

Ornithine L2 a b c bc 26.8 0.343 -0.963 1.36 32.5 0.406 -0.800 1.49 29.9 0.377 0.477 1.54 4.49 0.0633 0.865 1.56 2.4 0.034 0.241 1.48 
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Orotic acid L1 a b c c 9.34 0.129 -0.605 2.30 25.21 0.324 0.060 1.35 36.63 0.450 -0.954 1.41 14.5 0.196 0.871 1.38 24.96 0.321 -0.174 1.34 

Pantothenic acid L1 a b bc c 12.0 0.163 -0.790 1.03 16.1 0.216 -0.406 1.11 23.3 0.302 -0.845 1.17 3.71 0.0525 0.771 1.09 10.1 0.139 -0.625 1.13 

PG32:0) L2 b a a a -28.7 -0.489 0.948 1.74 -33.0 -0.578 0.960 1.57 -29.9 -0.512 0.941 1.71 -5.99 -0.089 -0.700 1.25 -1.6 -0.024 0.459 1.00 

Propionylcarnitine L1 b a a a -25.2 -0.419 0.809 1.90 -19.2 -0.307 0.778 2.03 -27.2 -0.458 0.729 1.99 8.09 0.112 -0.262 1.83 -2.6 -0.039 0.374 1.31 

Pyridoxamine L3 a b c b 25.4 0.327 -0.960 1.32 30.2 0.381 -0.851 1.31 26.2 0.336 -0.593 1.36 3.82 0.0540 0.683 1.33 0.6 0.009 -0.778 1.31 

Quinic acid L1 a b c c 20.2 0.265 -0.831 1.17 33.3 0.415 -0.987 1.21 27.9 0.355 -0.873 1.25 10.9 0.150 0.789 1.18 6.4 0.090 -0.720 1.20 

S-(Indolylmethylthiohydroximoyl)-cysteine L3 a b b b 27.3 0.348 -0.959 1.48 26.9 0.344 -0.987 0.952 26.3 0.337 0.406 0.93 -0.271 -0.004 0.760 0.907 -0.8 -0.012 0.665 0.93 

Stearic acid L3 a b b b 17.8 0.237 -0.802 1.19 29.7 0.375 -0.871 1.51 18.2 0.241 -0.825 1.29 10.0 0.138 0.806 1.46 0.3 0.004 -0.468 0.76 

Succinic acid L1 a b b b 26.9 0.343 -0.947 1.36 32.2 0.402 -0.506 1.60 30.4 0.383 -0.964 1.71 4.19 0.0592 -0.493 1.67 2.8 0.040 -0.943 1.61 

Varanic acid L3 a b b b 28.4 0.360 -0.860 1.51 34.2 0.424 -0.781 0.700 28.2 0.359 -0.760 0.60 4.55 0.0641 0.409 0.676 -0.1 -0.001 -0.547 0.68 

Xanthine L1 a b c c 18.5 0.244 -0.680 2.86 59.7 0.675 -0.984 1.37 51.4 0.598 -0.958 1.43 34.8 0.431 -0.343 1.41 27.8 0.354 -0.576 1.38 
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Figure 7.5. Heatmap with group average of significantly different metabolites detected in T2DM patients 

with and without DKD. Hierarchical clustering, with Euclidean distance measure, of relevant metabolites 
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obtained by HILIC-MS (+) and (-). The color spectrum ranging from red to blue indicates the range of high to 

low signal intensities, respectively, for each metabolite. 

 

7.3.4 Pathway analysis 

In addition to the heatmap, the set of the previously selected 76 metabolites was submitted to 

MetaboAnalyst 5.0 (https://www.metaboanalyst.ca) to identify the most relevant pathways based on 

the impact of the set of metabolites within the metabolic routes. In this regard, metabolite pathway 

analysis (MetPA) was set up. MetPA is an over-representation analysis that tests whether a particular 

group of compounds is represented in the list of compounds to a greater extent than would be expected 

by chance. In the context of a pathway analysis, it is tested whether there is an enrichment of 

compounds that are involved in a particular pathway as compared to random hits. The results 

displayed in Figure 7.6 suggested that the most significantly regulated pathways —and therefore 

those that might play a key role in the progression of renal damage —belong to key biochemical 

pathways such as those related to glycine, serine, threonine metabolism, glyoxylate, and 

dicarboxylate metabolism, pyrimidines and purine metabolisms, among others (Table 7.2). Amino 

acids and amino acid-related compounds are the most prominent compounds.  

 

Figure 7.6. Pathway analysis. It was obtained from MetaboAnalyst 5.0 after submission of the most notably 

altered metabolites found by LC-MS analyses in positive and negative ionization modes. In the graph, the 

circles' size and color vary depending on the importance of the pathway and its p value, respectively. Thus, the 

pathways located in the upper right corner of the graphic are the ones affecting the kidney impairment more.  

  

https://www.metaboanalyst.ca/
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Table 7.2. Results from pathway analysis performed using MetaboAnalyst 5.0. The statistical p values from enrichment analysis are further adjusted for multiple 

testings. In particular, the Total is the total number of compounds in the pathway; the Hits is the effectively matched number from the uploaded data; p is the original 

p value calculated from the enrichment analysis; the Holm adjust is the p value adjusted by Holm-Bonferroni method; the FDR is the p value adjusted using False 

Discovery Rate; the Impact is the pathway impact value calculated from pathway topology analysis. p values lower than 0.05 are highlighted in red. 

Pathway name Total Expected Hits p -log10(p) Holm adjust FDR Impact 

Glycine, serine and threonine metabolism 33 0.660  5 3.66×10-4 3.44  0.0304  0.0154  0.535  

Glyoxylate and dicarboxylate metabolism 32 0.640  4 3.19×10-3 2.50  0.261  0.0892  0.148  

Lysine degradation 25 0.500  3 1.24×10-2 1.91  1 0.260  0.141  

Alanine, aspartate and glutamate metabolism 28 0.560  3 1.69×10-2 1.77  1 0.284  0.114  

Arginine biosynthesis 14 0.280  2 3.03×10-2 1.52  1 0.342  0.061  

Butanoate metabolism 15 0.300  2 3.46×10-2 1.46  1 0.342  0.111  

Purine metabolism 65 1.30  4 3.78×10-2 1.42  1 0.342  0.0310  

Histidine metabolism 16 0.320  2 3.90×10-2 1.41  1 0.342  0  

Pyrimidine metabolism 39 0.780  3 4.07×10-2 1.39  1 0.342  0.0550  

Pentose and glucuronate interconversions 18 0.360  2 4.86×10-2 1.31  1 0.371  0.297  

Citrate cycle (TCA cycle) 20 0.400  2 5.88×10-2 1.23  1 0.412  0.0769  

Pyruvate metabolism 22 0.440  2 6.98×10-2 1.16  1 0.451  0.0622  

Synthesis and degradation of ketone bodies 5 0.100  1 9.62×10-2 1.02  1 0.556  0.600  

Glutathione metabolism 28 0.560  2 1.06×10-1 0.974  1 0.556  0.0887  

D-Glutamine and D-glutamate metabolism 6 0.120  1 1.14×10-1 0.942  1 0.556  0  

Nitrogen metabolism 6 0.120  1 1.14×10-1 0.942  1 0.556  0  

Porphyrin and chlorophyll metabolism 30 0.600  2 1.19×10-1 0.924  1 0.556  0.0280  

Cysteine and methionine metabolism 33 0.660  2 1.39×10-1 0.855  1 0.616  0.0427  

Ascorbate and aldarate metabolism 8 0.160  1 1.50×10-1 0.825  1 0.616  0.500  

Vitamin B6 metabolism 9 0.180  1 1.67×10-1 0.778  1 0.616  0.0784  
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Arginine and proline metabolism 38 0.760  2 1.75×10-1 0.757  1 0.616  0.172  

Caffeine metabolism 10 0.200  1 1.83×10-1 0.737  1 0.616  0  

Phenylalanine metabolism 10 0.200  1 1.83×10-1 0.737  1 0.616  0  

Biotin metabolism 10 0.200  1 1.83×10-1 0.737  1 0.616  0  

Pantothenate and CoA biosynthesis 19 0.380  1 3.20×10-1 0.494  1 1 0.00714  

Sphingolipid metabolism 21 0.420  1 3.48×10-1 0.459  1 1 0  

Propanoate metabolism 23 0.460  1 3.74×10-1 0.427  1 1 0  

Inositol phosphate metabolism 30 0.600  1 4.58×10-1 0.339  1 1 0  

Biosynthesis of unsaturated fatty acids 36 0.720  1 5.21×10-1 0.283  1 1 0  

Valine, leucine and isoleucine degradation 40 0.800  1 5.59×10-1 0.253  1 1 0  

Tryptophan metabolism 41 0.820  1 5.68×10-1 0.246  1 1 0.143  

Tyrosine metabolism 42 0.840  1 5.77×10-1 0.239  1 1 0  

Primary bile acid biosynthesis 46 0.920  1 6.11×10-1 0.214  1 1 0.00758  
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Glycine is an amino acid considered conditionally essential in human diet because it can be produced 

from serine. However, the body's natural glycine synthesis is insufficient to fulfill cellular metabolic 

requirements. This is because glycine plays a crucial role in one-carbon metabolism, which involves 

folate and methionine cycles, and also serves as a precursor for various metabolic pathways, including 

the synthesis of lipids, nucleotides, and proteins [27]. We observed higher concentrations of two 

glycine metabolites in the plasma samples of DKD patients: 2-furoylglycine (2-FG) and N-

dimethylglycine (DMG). DMG is an intermediate product of choline conversion to glycine and an 

essential intermediate of glycine metabolism. 2-FG is an acylglycine derivative. Research on dietary 

habits revealed that the precursors of 2-FG come from external sources, likely from furan derivatives 

in foods subjected to high heat, such as chocolate and heated fruit juice. The exceeding amount of 

furan derivatives, potentially caused by decreased renal clearance, undergoes conjugation with 

glycine. This is an essential detoxification process mainly occurring in liver [28]. 2-FG and quinic 

acid significantly rise in cases of reduced kidney function. Boelaert et al. previously observed that 

these metabolites were notably upregulated in DM–DKD III patients compared to healthy individuals, 

suggesting their potential as early indicators of impaired kidney function [25]. Quinic acid, on the 

other hand, is a natural sugar compound commonly found in various plants, including tobacco leaves, 

multicolored fruits, and vegetables. It plays a crucial role in the shikimate pathway, exclusive to 

plants, responsible for synthesizing aromatic amino acids like tryptophan, phenylalanine, and tyrosine 

– all essential amino acids for human nutrition and health. Quinic acid metabolism involves the 

human gastrointestinal microflora, which converts it into benzoic acid, subsequently conjugated with 

glycine in liver to produce hippuric acid, a well-known protein-bound uremic toxin, which was also 

identified in this study. Changes in diet and intestinal microbiota, often occurring in DKD, may lead 

to increased levels of quinic and hippuric acid [29–31]. 

Methylglyoxal (MGO) is a well-known endogenous compound altered in DKD and in our study 

appears as one of the most discriminant metabolites. Plasma levels of MGO are associated with the 

prevalence of DKD in diabetes [32–34]. Higher MGO plasma levels are associated with an increased 

risk of lower eGFR and albuminuria in T1DM and T2DM [35, 36]. Oxidative stress plays a significant 

role in diabetes and DKD, damaging DNA and impairing nucleic acid metabolism [37]. Changes in 

Purine and pyrimidine metabolism have been previously associated with kidney damage and DKD. 

Concerning purines, higher levels of inosine and xanthine in patients with DKD compared to those 

without DKD were reported by Xia et al. [38]. Additionally, another study by the same authors 

reported elevated levels of pyrimidines (i.e., cytidine and orotic acid) in DKD patients compared to 

those without DKD [39]. In our study, the anti-correlation between inosine/hypoxanthine relative 
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abundances may suggest purine metabolism disorders. Furthermore, plasma levels of xanthine and 

allantoin, both involved in the purine salvage pathway, increase following the severity of DKD. 

Regarding pyrimidine metabolism, levels of orotic acid and cytidine appear to be upregulated in the 

investigated DKD population.  

One metabolite that showed a highly significant decrease was propionyl-carnitine. Acyl-carnitines 

are short-chain fatty acids attached to carnitine, and they are quickly transported into cells, where 

they undergo a transformation into free carnitine and propionyl (or acetyl) coenzyme A, which serves 

as an energy source [40]. Previous research has linked levels of acylcarnitines in urine samples of 

diabetic patients to the progression of DKD [41, 42].  

The here undertaken comprehensive non-targeted metabolomic analysis has confirmed that patients 

with DKD undergo significant alterations in vital biochemical pathways associated with kidney 

impairment and has highlighted potential biomarkers possibly linked to mechanisms underlying the 

disease's progression. Notably, several metabolites, such as 2-FG, DMG, quinic acid, and MGO, have 

emerged as promising candidates for further investigation due to their distinct associations with DKD. 

However, while our study has provided valuable qualitative insights into metabolic changes, it is 

important to emphasize that untargeted MS metabolomics lacks the quantitative precision required 

for the measurements of metabolite concentrations in plasma. Therefore, future research should focus 

on quantitative assessments on identified potential biomarkers to validate and refine the observed 

metabolic alterations. 
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7.5  Conclusions 

In conclusion, this non-targeted metabolomic approach has provided valuable insights into the 

metabolic network associated with DKD in individuals with T2DM. Our study successfully identified 

potential key metabolites and biochemical pathways that appear altered in DKD. Notably, we 

observed a progressive shift in the metabolic profiles as DKD advanced through its stages, 

emphasizing the potential of metabolomics as a tool for disease stratification. However, it is important 

to acknowledge the limitations of our study. While we were able to characterize metabolic alterations 

in a broad range of DKD severity, patients undergoing hemodialysis (HD), a significant subgroup in 

the DKD population, were not included (due to non-eligibility of collected samples for metabolomics 

because of a not-compatible sample preparation procedure). Evaluating individuals in the pre-HD and 

post-HD stages might have provided valuable insights into the metabolic changes associated with 

renal replacement therapy, helping us understand the impact of HD on the metabolomic profiles of 

DKD patients. Furthermore, our study cross-sectional design limits our ability to establish causality 

between the identified metabolites and DKD progression. Longitudinal studies are needed to confirm 

the utility of these metabolites as predictive markers for DKD progression. Despite these limitations, 

our findings contribute to the growing knowledge on DKD and provide a foundation for further 

research into early detection and intervention strategies.  
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In the last decades, an increasing number of research is focused on understanding the molecular 

mechanisms that regulate physiological events and that underlie the development and progression of 

pathological events. Moreover, much effort is dedicated to the discovery of precise early biomarkers 

that can significantly enhance disease prevention, and diagnosis, to enable personalized approaches 

to disease treatment. A thorough investigation requires a combination of advanced methodologies and 

analytical strategies to profile the complex interplay between structural and functional alterations in 

biomolecules, metabolic changes, and underlying pathophysiological mechanisms.  

In this context, the integration of various analytical techniques, including surface plasmon resonance 

(SPR) and high-resolution mass spectrometry (HRMS), was required to pursue this thesis project, 

namely to shed light on complex molecular alterations underpinning diseases characterized by 

increased inflammatory status and oxidative stress, with a focus on diabetic kidney disease (DKD) 

(mainly) and cirrhosis. Since high levels of oxidative stress and inflammation impact on a wide 

variety of large and small molecular players, in the search for circulating markers which could help 

early diagnosis and better patient stratification, investigations were undertaken both at 

macromolecular level, by focusing on structural and functional alterations involving circulating 

human serum albumin (HSA), and at small molecule level, by performing a metabolomics study. 

The interest in HSA structural alterations and their contribution to affecting HSA binding capacity 

arose from the previously proposed role of altered forms of HSA as promising circulating biomarkers, 

prognostic factors, and mediators of pathological processes. Due to the strict connection between 

HSA binding properties and protein integrity, the assessment of HSA structural alteration and its 

binding capacity holds relevance.  

Hence, to profile alterations in HSA microheterogeneity under pathological conditions a HRMS study 

was performed on 117 type 2 diabetic patients enrolled at different stages of renal impairment. 

Obtained data were combined with total levels of HSA in plasma to explore the diagnostic potential 

of two parameters: the serum concentrations of the native form (eHA) and the reduced form (rHA) 

of HSA. Results showed significant alterations in eHA and rHA among DKD patients, that were 

closely correlated with renal dysfunction. Importantly, the undertaken study identified eHA as an 

independent predictor of renal impairment, suggesting its potential utility alongside rHA as 

complementary diagnostic parameters for assessing kidney damage.  

Given the key physiological role of HSA as drug carrier, structural alterations of HSA other than 

having potential diagnostic power may also have clinical impact since altered free fraction of a drug 

may translate into a no-effect or into a toxic outcome. 
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In this light, SPR technology was highly informative in investigating whether patient-specific HSA 

structural alterations influence its binding capacity towards endogenous and exogenous molecules. 

The novel developed and validated biosensing surface, functionalized with a specific anti-HSA 

antibody, demonstrated high selectivity in capturing HSA directly from patients' plasma without the 

need for additional purification steps. In pilot studies, the real-time investigation of HSA binding 

affinities in patients affected by decompensated cirrhosis or DKD suggested that even in the 

presence of extensive structural damage, the protein generally retained its binding capacity at the 

three primary high-affinity binding sites. However, it must not underestimate that extensive 

damages have anyway an impact as highlighted by the alteration in the binding affinity of the non-

site-specific binder teicoplanin observed in cirrhotic patients and not in DKD ones, likely because 

of a more extensive structural damages encountered in the former patients. 

Furthermore, HSA-biosensing surface can find applications in several fields in which binding to HSA 

need to be investigated as in the development of a new drug delivery system involving HSA. In the 

search for novel combination therapy strategies for targeting cancers with few therapeutic options, 

one of the most prominent approaches relies on exploiting endogenous proteins, such as HSA, as a 

vehicle for drug-targeted delivery to the tumor site. In this frame, SPR analysis and the novel 

biosensing surface confirmed that three novel prodrugs effectively interacted with HSA and are 

suitable candidates for tailored delivery systems. 

In the context of studying metabolite changes, metabolomics proved to be a powerful tool in studying 

DKD. The undertaken untargeted metabolomic approach relied on hydrophilic interaction 

chromatography (HILIC) coupled with HRMS. The hydrophilic stationary phases resulted capable of 

retaining polar/ionic metabolites and confirmed that HILIC is an attractive complementary tool to the 

widely used reverse-phase chromatographic separations in metabolomic studies. Employing HILIC 

coupled to HRMS provided great accuracy and precision in identifying unknown metabolites in a 

subset of the patient cohort described in the first study. This metabolomic strategy allowed the 

identification of a set of metabolites involved in key metabolic pathways whose levels were found to 

be altered in diabetic patients with DKD advances, also obtaining greater knowledge at the molecular 

level of the physiopathology of DKD. 

Collectively, the analytical strategies presented in this dissertation provided crucial insights into 

disease-associated (bio)molecular alterations in DKD and allowed identifying promising HSA-

parameters which own a prognostic power as well as signature metabolites. Additionally, these studies 

hold the promise of advancing the development of more efficient and precise therapeutic 
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interventions, particularly with the goal of improving patient outcomes and overall healthcare 

delivery. 
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Sii simile a un promontorio contro il quale incessantemente si infrangono le onde: sta lì immobile e intorno 

gli si infrange il ribollire dell’acqua. «Me infelice, poiché mi è successo questo!» Anzi, felice, poiché, pur 

essendomi successo questo, tiro dritto senza affanni, non stroncato dal presente, né pauroso dell’avvenire. 

Questa sventura, infatti, sarebbe potuta succedere a chiunque, ma non chiunque, davanti a essa, avrebbe 

tirato dritto senza affanni. Perché, dunque, sarebbe quella una sfortuna piuttosto che questa una fortuna? 

Chiami, insomma, sfortuna per l’uomo ciò che non è un insuccesso della natura dell’uomo? Ti sembra essere 

un insuccesso della natura dell’uomo ciò che non va contro il volere della sua natura? E allora? Conosci 

questo volere. Forse che, dunque, quel che ti è successo ti impedisce di essere giusto, magnanimo, saggio, 

prudente, riflessivo, sincero, riservato, libero, e dotato di tutte le altre qualità in presenza delle quali la 

natura dell’uomo ha raggiunto ciò che le è proprio? Ricordati, pertanto, in ogni circostanza dolorosa di 

ricorrere a questo principio: questa non è una disgrazia, anzi è una fortuna il sopportarla coraggiosamente. 

 

- Marco Aurelio, Pensieri 


