
 
 

 
UNIVERSITÀ DEGLI STUDI DI SALERNO 

Dipartimento di Farmacia 

 
PhD Program 

in Drug Discovery and Development 
XXXVIII Cycle – Academic year 2024/2025 

 
PhD Thesis in 

 

 
Classical and innovative applications of 
NMR spectroscopy in the metabolomic 

profiling of biological samples 
 
  
  
 
 
 

Candidate 

Enza Napolitano 

Tutor  

Prof. Anna Maria D’Ursi 

Co-Tutor  

Dr. Marco Tessari

 
 

 
 
  

PhD Program Coordinator: Prof. Alessandra Tosco





I 
 

Scientific publications 

 

Napolitano E, Marino C, Grimaldi M, Buonocore M, D’Ursi AM. Effects of Nicotine on SH-

SY5Y Cells: An NMR-Based Metabolomic Study. Metabolites. 2025;15(11):752. doi: 

10.3390/metabo15110752. 

Napolitano E, Marino C, Grimaldi M, Buonocore M, D’Ursi AM. Analyzing nicotine action 

against amyloid toxicity by NMR-pharmacometabolomics: an exploratory study. bioRxiv 

2025.09.03.673931; doi: https://doi.org/10.1101/2025.09.03.673931. 

Gervasoni J, Marino C, Imarisio A, Santucci L, Napolitano E, Nuzzo T, Yahyavi I, Avenali 

M, Cicchinelli M, Buongarzone G, Galandra C, Picascia M, Grimaldi M, Pacchetti C, Errico 

F, D’Ursi AM, Urbani A, Valente EM, Usiello A. Independent serum metabolomics 

approaches identify disrupted glutamic acid and serine metabolism in Parkinson’s disease 

patients. NPJ Parkinsons Dis. 2025;11(1):274. doi: 10.1038/s41531-025-01126-5. 

Marino C, Imarisio A, Gasparri C, Napolitano E, Di Maio A, Avenali M, Buongarzone G, 

Galandra C, Picascia M, Grimaldi M, Errico F, Rondanelli M, D’Ursi AM, Valente EM, 

Usiello A. 1H-NMR-based metabolomics identifies disrupted betaine metabolism as distinct 

serum signature of pre-frailty. npj aging. 2025; 11(1), 26. https://doi.org/10.1038/s41514-025-

00218-z 

D’Elia M, Marino C, Celano R, Napolitano E, Colarusso C, Sorrentino R, D’Ursi AM, 

Rastrelli L. Impact of a Formulation Containing Chaga Extract, Coenzyme Q10, and Alpha-

Lipoic Acid on Mitochondrial Dysfunction and Oxidative Stress: NMR Metabolomic Insights 

into Cellular Energy. Antioxidants. 2025; 14(6):753. https://doi.org/10.3390/antiox14060753. 

Castaldo G, Marino C, D'Elia M, Grimaldi M, Napolitano E, D’Ursi AM, Rastrelli L. The 

Effectiveness of the Low-Glycemic and Insulinemic (LOGI) Regimen in Maintaining the 

Benefits of the VLCKD in Fibromyalgia Patients. Nutrients. 2024;16(23):4161. doi: 

10.3390/nu16234161. 

D’Elia M, Marino C, Celano R, Napolitano E, D'Ursi AM, Russo M, Rastrelli L. Impact of a 

Withania somnifera and Bacopa monnieri Formulation on SH-SY5Y Human Neuroblastoma 

Cells Metabolism Through NMR Metabolomic. Nutrients. 2024;16(23):4096. doi: 

10.3390/nu16234096. 



II 
 

Castaldo G, Marino C, Atteno M, D’Elia M, Pagano I, Grimaldi M, Conte A, Molettieri P, 

Santoro A, Napolitano E, Puca I, Raimondo M, Parisella C, D’Ursi AM, Rastrelli L. 

Investigating the Effectiveness of a Carb-Free Oloproteic Diet in Fibromyalgia Treatment. 

Nutrients. 2024;16(11):1620. doi:10.3390/nu16111620. 

Buonocore M, Grimaldi M, Santoro A, Covelli V, Marino C, Napolitano E, Novi S, Tecce 

MF, Ciaglia E, Montella F, Lopardo V, Perugini V, Santin M, D’Ursi AM. Exploiting the 

Features of Short Peptides to Recognize Specific Cell Surface Markers. Int J Mol Sci. 

2023;24(21):15610. doi: 10.3390/ijms242115610. 

Santoro A, Buonocore M, Grimaldi M, Napolitano E, D’Ursi AM. Monitoring the 

Conformational Changes of the Aβ(25-35) Peptide in SDS Micelles: A Matter of Time. Int J 

Mol Sci. 2023 Jan 4;24(2):971. doi: 10.3390/ijms24020971. 

 

 

 

 



 

III 
 

Abstract 

 

 

Metabolomics is an omic science with rapidly expanding applications, including 

drug discovery. Within this field, pharmacometabolomics has developed as a branch 

dedicated to studying drug-induced metabolic effects. It plays a crucial role in 

hypothesis generation, as demonstrated by its ability to uncover previously 

unrecognized pathways involved in drug action. A major strength of 

pharmacometabolomics lies in its use to explore cellular mechanisms of action (MoA), 

offering an unbiased alternative to traditional hypothesis-driven approaches that 

typically focus on specific receptors or isolated pathways. In contrast, untargeted 

metabolomics provides a comprehensive view of treatment-induced metabolic 

changes and can reveal unexpected or off-target effects. 

As part of my PhD research, I investigated the in vitro biological MoA of nicotine 

and Nerve Growth Factor (NGF) using the potential of untargeted metabolomics. 

Employing SH-SY5Y neuroblastoma cells, I analyzed both the exometabolome 

(culture medium) and endometabolome (cellular extracts) following treatment with 

these molecules, which are of potential interest for Alzheimer’s disease (AD) therapy.  

As a preliminary step, we confirmed that exposure to recombinant amyloid-β 

peptide Aβ(1–42) reproduced in our model the key metabolic dysregulations 

characteristic of AD. We then evaluated whether nicotine and NGF could counteract 

these alterations. To capture the dynamic exchange of metabolites between 

compartments - essential for interpreting cellular function - we built for the first time 

a statistical model that combines the quantification matrices of intra- and extracellular 

metabolites. 

Our findings demonstrate that nicotine exerts neuroprotective effects by restoring 

metabolic imbalances associated with AD pathology. In particular, nicotine reversed 

the majority of Aβ(1–42)-induced alterations, including disruptions in 

neurotransmission-related pathways, energy metabolism, and membrane phospholipid 

turnover. NGF, by contrast, exhibited neuroprotective activity primarily by reducing 

glutamate and glycine concentrations and functioning as an early modulator of key 
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biochemical pathways, thereby preventing redox disequilibrium and alterations in 

energy metabolism. 
During my international research period, I further specialized in NMR spectroscopy 

with focusing on non-hydrogenative parahydrogen-induced hyperpolarization 

(nhPHIP). At the Magnetic Resonance Research Center of Radboud University, under 

the supervision of Dr. Marco Tessari, I conducted the first targeted and chiral 

metabolomic analysis of amino acid content in animal tissues using this approach. This 

technique enabled the discrimination between D- and L-amino acid enantiomers and 

revealed amino acid imbalances associated with altered D-aspartate levels. nhPHIP 

proved particularly valuable for this study, as several amino acids are directly or 

indirectly involved in neurotransmission. Taken together, the application of nhPHIP 

in this context highlights the potential of NMR hyperpolarization techniques for 

targeted metabolomics investigations of amino acid dysregulation. 
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Chapter I 

The evolution of metabolomics 

 

 

1.1 Introduction 
Metabolomics is an omics science that provides a comprehensive and systematic 

analysis of multiple metabolite concentrations in a biological sample.  

The suffix “-omics”, which means “all constituents considered collectively”, clearly 

reflects the holistic nature of metabolomics, which aims to study complex biological 

systems by analyzing their metabolic components at the cellular level. 

The term metabolites refers to low-molecular-weight compounds (<1500 Da) and 

includes amino acids, small peptides, lipids, carbohydrates, nucleotides, hormones, 

organic acids, vitamins, and signalling molecules that can be found in cells, tissues, 

organs, or biofluids under specific conditions. Their profile reflects the functional state 

of the biological system, and as a consequence, metabolomics is considered the only 

approach capable of providing a comprehensive snapshot of the physiological or 

pathological state of an organism, tissue, or cell system. 1 

Metabolites not only reveal details about metabolic function but also offer 

predictive insights into health status. They can support early diagnosis or help monitor 

disease progression in a personalized and targeted way. For example, the detection of 

specific biomarkers in biofluids related to diabetes, kidney disease, or cardiovascular 

conditions can reveal molecular signs of dysfunction years before clinical symptoms 

appear. 2 

Metabolomics offers several benefits compared with other “-omic” strategies, with 

the most advantageous being its close biological proximity to the phenotype of the 

system and hence the rapid observation of system perturbations in the metabolome.3, 4 

Metabolomics has been widely used in recent years across several applications, 

including assessing responses to diseases and environmental stress, drug discovery, 

toxicology, nutrition, studying the global effects of genetic manipulation, pathologies, 

drugs, and natural products. Its broad use is due to the strong connection between the 
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metabolome and cellular physiology. Compared to other omic sciences, metabolomics 

is downstream: the transcriptome and proteome represent intermediate stages of gene 

expression, while the metabolome reflects the final output and helps explain disease 

phenotypes. 5 

Unlike genomics and proteomics, where thousands of targets are routinely 

identified, metabolomics has faced quantitative limitations. Until twenty years ago, it 

lacked electronic databases comparable to GenBank or UniProt, which are essential 

for compound identification. The release of the Human Metabolome Database 

(HMDB) in 2007, along with Kyoto Encyclopedia of Genes and Genomes (KEGG), 

the Small Molecule Pathway Database (SMPDB), and PubChem, significantly 

advanced the field. 6-8 These resources support metabolite identification using 

techniques such as Nuclear Magnetic Resonance (NMR), Gas Chromatography-Mass 

Spectrometry (GC-MS), and Liquid Chromatography-Mass Spectrometry (LC-MS).  

 

1.1.1 Main techniques in metabolomics  

Nuclear Magnetic Resonance (NMR) and Mass Spectrometry (MS) are the most 

used techniques for studying the metabolomic profile. Each analytical platform has its 

own advantages and disadvantages. It should be emphasized that a single analytical 

platform is insufficient to fully identify and quantify all metabolites present in a typical 

biological sample. As a result, the best metabolomic studies often employ multiple 

technology platforms. 9 

Table 1.1 summarizes the main advantages and limitations of the two most 

employed techniques in metabolomics. Shortly, MS offers superior sensitivity, while 

NMR is inherently reproducible, relatively rapid, and non-destructive. Importantly, 

NMR enables simultaneous, comprehensive detection of a wide range of metabolites 

in a single acquisition, without requiring sample manipulation. 10, 11  

Although LC-MS appears to dominate the field of metabolomics, accounting for 

over 70% of published studies, the number of publications based on NMR 

methodologies is steadily increasing. According to PubMed, more than 926 papers on 

NMR-based metabolomics were published in 2021. This trend highlights the growing 

relevance of NMR within the metabolomics community, supported by expanding 

applications and significant recent technological advancements. 12 
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Table 1.1 Schematization of the advantages and limitations of NMR spectroscopy 

compared to MS in metabolomics applications. Adapted from 
11

 

 
 NMR MS 

Reproducibility High reproducibility Low reproducibility 

Sensitivity Low (≥1 μmol/L) Very sensitive (>10 nmol/L) 

Selectivity Non-selective Selective 

Sample 

measurement 

Relatively fast in 1D 1H-NMR 

spectroscopy 

Different ionization methods 

required to maximize the 

number of metabolites detected 

Sample 

Preparation 

Minimal preparation: transfer of 

the sample to an NMR tube with 

deuterated solvent 

More complex: requires 

chromatographic separation 

and/or sample derivatization 

Sample retrieval Can be recovered (non-

destructive technique) 

Cannot be recovered 

(destructive technique) 

Quantitative 

analysis 

The intensity of the signals is 

proportional to the concentration 

of the sample 

The intensity of the signals is 

often not proportional to the 

concentration of the sample 

 

1.1.2 Different analytical approaches in NMR metabolomics 

The metabolomic approach relies on the comprehensive identification of numerous 

metabolites in a biological sample. Depending on the specific research question, 

metabolomic analysis can be conducted using two main methods: targeted and 

untargeted analyses.  

• The targeted method focuses on monitoring a pre-selected panel of metabolites, 

chosen based on known metabolic pathways or previously identified 

biomarkers linked to the disease or condition being studied. 13 These 

metabolites must be reliably identified and quantified within the samples. As a 

hypothesis-driven approach, targeted analysis often follows an untargeted 

exploration. Sample preparation in targeted studies can adopt optimized 

techniques to preserve the metabolites of interest while removing other 

biological components and analytical artifacts. 14 
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• Conversely, untargeted metabolomics offers a comprehensive overview of a 

sample by systematically studying all measurable analytes, including unknown 

chemicals. 13 

This goal can be achieved through two main strategies: fingerprinting or 

profiling.  

a. Fingerprinting involves analyzing spectral data without prior signal 

assignment or metabolite quantification. The fingerprinting approach 

primarily aims for sample classification; it discriminates samples based on 

different biological conditions (e.g., presence or absence of disease, before 

or after treatment), effectively characterizing a specific health state with a 

unique metabolic pattern. 15 It has the advantage to provide a rapid, overall 

assessment of an NMR spectrum, serving as a “fingerprint” of all detectable 

metabolites - assigned or unassigned - in the biological sample. 16 This is 

typically done by transforming NMR spectra into data matrices, for 

example through bucketing, a method that reduces the number of variables 

and compensates for minor spectral misalignments.  

b. On the other hand, metabolic profiling focuses on quantifying the 

concentrations of all measurable metabolites in a biological sample.  

Although the number of metabolites that can be identified and analyzed is 

constrained by the library used for assignment, profiling provides more 

valuable biochemical information by allowing the identification of 

metabolites and the associated modulated pathways linked to specific 

physiological or pathological conditions. 17 

There is confusion in the scientific literature regarding these terms: “fingerprinting” 

is often used interchangeably with untargeted metabolomics, while “metabolic 

profiling” is used as a synonym for targeted metabolomics. However, an untargeted 

approach can involve either fingerprinting or profiling methods. Conversely, targeted 

methods, since they focus on specific metabolites, always employ a profiling approach. 

Chapters 2 and 3 of the present thesis adopt an untargeted approach through 

profiling, whereas Chapter 4 focuses on a targeted metabolomic analysis of a specific 

group of metabolites - amino acids. 
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1.1.3 Workflow for NMR metabolomics using a profiling approach 

The metabolomic research workflow follows these steps: 

• Sample collection and preparation 

• Data acquisition  

• Metabolite identification 

• Statistical data analysis 

• Biological interpretation of results 

Sample collection and preparation are among the most critical phases of 

metabolomic analysis. For this reason, it is essential to implement standardized 

operating procedures (SOPs) to minimize sample alteration and ensure 

reproducibility.18, 19 While sample preparation in the case of biofluids typically 

involves only dilution in a deuterated buffer, metabolomic analysis of cells and tissues 

requires a preliminary extraction step to enable solution-state NMR spectroscopy.20, 21 

Regarding NMR experiments, a 600 MHz spectrometer is considered the standard 

for acquiring metabolomic NMR spectra. A 600 MHz spectrometer provides a good 

compromise between resolution, sensitivity, and cost.11 1D NOESY and CPMG (Carr-

Purcell-Meiboom-Gill) NMR spectra are considered ideal experiments for NMR-

based metabolomic analysis, since 1H atoms are found in almost every organic 

compound and  because 1D 1H NMR is a highly automatable, very reliable, and high-

speed technique. 11, 22  

Several automated or semi-automated tools have been developed for handling one-

dimensional 1H NMR spectra, typically operating through spectral matching against 

large libraries of reference NMR profiles. Several commercial programs, including 

Chenomx NMRSuite, 23 FoodScreener, 24, 25 and B.I. QUANT 26 supports both semi-

automated NMR data processing and automated or semi-automated small-molecule 

identification and quantification. On the other hand, Bayesil 27 and MagMet 28 - freely 

accessible through web servers - can perform fully automated data processing and 

spectral deconvolution of 1D 1H NMR spectra to identify and quantify metabolites. 

Like Chenomx NMRSuite, both Bayesil and MagMet are compatible with most NMR 

instrument models and magnetic field strengths. However, their application is typically 

limited to the analysis of specific biofluids, such as serum, plasma, or fecal water. 

Following the identification and quantification of metabolites, the resulting data are 

analysed using biostatistical methods, including multivariate analysis (MVA) and 
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advanced Machine Learning algorithms. This can be performed using platforms such 

as MetaboAnalyst 6.0 29  (http://www.metaboanalyst.ca/) or dedicated R packages 

designed for MVA approaches. 30 

The final and essential step in metabolomic analysis is the biological interpretation 

of the data. This interpretive phase may involve pathway mapping using curated 

databases such as KEGG, SMPDB, or Reactome, or may be supported by trans-omic 

integration tools, including Phenolink, 3-Omics, and OmicsNet, which facilitate the 

visualization and contextualization of metabolomic findings within broader biological 

networks. 31-33 

 

1.1.4 Cellular metabolomics 

To date, most metabolomic data have been derived from biofluid analyses, 

primarily for clinical applications. While this approach provides valuable systemic 

information, it lacks the resolution necessary to investigate the metabolic dynamics of 

individual cell types under specific physiological or pathological conditions. Such 

cellular-level resolution is crucial for a comprehensive understanding of cellular 

functions and for the development of targeted therapeutics and biomarkers tailored to 

distinct cellular phenotypes. 1, 34 In this context, cell culture-based metabolomics 

emerges as a potent tool. Enabling cell-type specificity, it allows for the dissection of 

metabolic pathways with greater precision, offering insights that are often obscured in 

whole-organism or biofluid-based analyses. 

Additionally, in vitro applications of cellular metabolomics offer several 

advantages over human or animal models: improved control over experimental 

variables, greater reproducibility, lower costs, more straightforward data 

interpretation, and the absence of ethical concerns associated with the use of living 

subjects. 35 In addition, cell culture analysis avoids problems common to other 

metabolomic applications, such as inter-individual variability across subjects and time 

points, population heterogeneity, and the influence of confounding factors, including 

age, sex, health status, and environmental exposure. By focusing on a specific cell 

type, variability is significantly reduced, facilitating the detection of metabolic 

changes and enabling more robust correlation of metabolomic data with genomic or 

proteomic profiles. These datasets, whether used independently or in combination with 

other omic layers, can contribute to the development of models of biological pathways 

http://www.metaboanalyst.ca/
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and networks, and provide a robust foundation for further investigations using cell 

culture systems. 34 

The preparation of cell samples for metabolomics analysis follows a strict protocol 

that includes sampling, quenching, and extraction of metabolites. 36, 37 A crucial aspect 

is to optimize the number of cultures analyzed to detect even low concentrations of 

metabolites. It is also critical to carefully consider the composition of the culture 

medium, as components such as 4-(2-hydroxyethyl)-1-piperazineethanesulfonic acid 

(HEPES) and complex additives, such as fetal bovine serum (FBS), may contaminate 

samples and compromise analytical accuracy. 38 HEPES is particularly problematic for 

NMR-based metabolic profiling, as it is typically present at high concentrations and 

produces broad, intense resonances that overlap with signals from several metabolites 

of interest.37  Therefore, if possible, HEPES should be avoided. To mitigate 

interference and contamination, cells must be thoroughly separated from the medium 

by washing with phosphate-buffered saline (PBS), thereby removing residual traces of 

extracellular components. 

Quenching, which instantly blocks cellular metabolism to preserve the real 

metabolic state, is a fundamental step. A common method involves rapid cooling with 

liquid nitrogen, often after cell removal by trypsinization. However, trypsin can induce 

cellular stress and disrupt metabolite levels, compromising data quality. 39 A gentler 

alternative is to wash the cells with cold PBS or deionized water, followed by the direct 

addition of liquid nitrogen or frozen methanol. At this point, the cells collected using 

a cell scraper can either be frozen at −80 °C or immediately processed for metabolite 

extraction. 38 

Extraction is usually done using mixtures of organic solvents, such as methanol or 

acetonitrile combined with water or acidified water, to obtain a wide range of chemical 

compounds, including amino acids, organic acids, nucleotide precursors, sugars, and 

alcohols. 19, 40 After extraction, the cell extracts are quickly frozen in liquid nitrogen 

and stored at −80°C until analysis. It is essential to avoid repeated freeze-thaw cycles 

to prevent metabolite degradation. When necessary, samples should be thawed on ice 

to allow a gradual increase in temperature and minimize compound alterations. 
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1.2 From metabolomics to fluxomics: a dynamic perspective on metabolism 

Among the most recent advances in the study of cellular metabolism, fluxomics has 

emerged as a powerful analytical approach. While metabolomics focuses on measuring 

− through identification and quantification − the largest possible number of 

metabolites in biological systems, fluxomics aims to obtain information on metabolic 

fluxes, that is, the rates at which metabolic conversions occur within these systems.  

Since reaction rates cannot be measured directly because of the dynamic nature of 

metabolism, fluxes are deduced indirectly from metabolic intermediates. To achieve 

this, fluxomics exploits isotopically labelled compounds as tracers to determine the 

fluxome. The typical workflow involves introducing an isotopically labelled precursor 

into the biological system, followed by accurate measurement of the extent of label 

incorporation into downstream metabolites. 41, 42 The most commonly used tracer is 
13C, particularly useful for investigating central carbon metabolism. However, isotopes 

such as 15N can also be employed, especially for studying nitrogen metabolism, amino 

acid turnover, and transamination reactions. 43  When cells are grown in the presence 

of a 13C-enriched substrate, labelled carbon atoms propagate through the metabolic 

network according to pathway structure and activity. The resulting 13C-labelling 

patterns of metabolic intermediates reflect the underlying intracellular fluxes. 

Labelling information can be measured by mass spectrometry (MS) or nuclear 

magnetic resonance (NMR). Eventually, flux quantification is obtained by integrating 

isotopic labelling data with mathematical models that describe isotope propagation 

through the metabolic network under investigation. 44 

Fluxomics offers an important advantage over conventional metabolomics by 

providing a dynamic view of cellular metabolism rather than a static snapshot of 

metabolite concentrations. While metabolomics shows which metabolites are present 

and how their levels change, fluxomics determines the actual rates and directions of 

metabolic reactions, revealing functional pathway activity that cannot be inferred from 

concentrations alone. However, fluxomics is more complex and costly, requiring 

labelled substrates, specialised NMR or MS instruments, and complex modelling. 

Unlike metabolomics, which covers hundreds of metabolites, fluxomics focuses on a 

limited number of pathways with greater depth. It often requires time-course sampling 

and strict conditions, making it more demanding. 
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1.3 A modern application in drug sciences: pharmacometabolomics 

Over the past four decades, the prevailing paradigm in drug discovery and 

development has involved identifying disease-associated genes through DNA analysis 

and genome sequencing, followed by gene cloning, purification of target proteins, and 

high-throughput screening to identify potential drug candidates. These leads are 

subsequently optimized and evaluated in animal models before progressing to human 

clinical trials. Unfortunately, this paradigm has shown significant limitations. 45 This 

is evidenced by the lengthy timelines and high costs associated with current drug 

development programs: only a small fraction of compounds entering the development 

pipeline reach Phase I clinical trials, and among those, a considerable number 

ultimately fail during Phase III. One of the significant limitations of the current model 

is that relatively few diseases have a strong genetic basis - estimated to be less than 

10%. Moreover, a substantial proportion of diseases arises from environmental 

exposures, collectively referred to as the exposome. Additionally, not all disease-

associated genes are suitable for high-throughput screening or represent viable targets 

for pharmacological intervention. 46, 47 

Metabolomics may offer a far more cost-effective and productive route to drug 

discovery, testing, and development. Considering that the majority of widespread 

diseases have a strong metabolic basis or a clear metabolic etiology, this reinforces the 

idea that metabolomics could be a valuable tool in drug discovery. 48, 49 

The application of metabolomics in the pharmaceutical field goes beyond drug 

discovery, encompassing a wide range of drug-related areas. Pharmacometabolomics 

is a recent branch of metabolomics; in fact, the term was first used by Clayton in 2006 

to refer to “the prediction of the outcome (e.g., efficacy or toxicity) of a drug or 

xenobiotic intervention in an individual, based on a mathematical model 

of ‘preintervention’ metabolite signatures”. 50 

Pharmacometabolomics has several applications and can be used for: 

• Enhancing so-called personalized medicine. The inherent variability of 

pathologies, combined with pharmacological differences, makes it difficult to 

predict how an individual patient will respond to a selected therapy, underscoring 

the need for a more personalized approach to treatment. It is increasingly clear that 

genetics alone cannot explain all variations in drug response phenotypes, and that 

other factors, such as environmental exposure, diet, age, gender, ethnicity, disease 
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subtype, use of other drugs, and the gut microbiome, may contribute to variation 

in drug response. Pharmacometabolomics, integrating information from 

pharmacogenomics, enables prediction of a subject’s response to a specific 

treatment to personalize therapy and make it as effective as possible. 51 

Pharmacometabolomics involves determining an individual’s metabolic status 

based on environmental, genetic, and gut microbiome influences - the so-called 

“metabotype” - to define profiles that can inform about treatment outcomes. 52 

• Pharmacokinetic studies of medicinal products - absorption, distribution, 

metabolism, and excretion (ADME). In fact, metabolomic analyses can be 

particularly useful for studying how a drug is metabolised in a subject, i.e., the 

products of xenobiotic-metabolising reactions. 53 In addition, drug absorption, 

metabolism, and transport to the site of action may be affected by metabolic states 

and the regulation of intestinal metabolism. Therefore, understanding a patient’s 

metabolomic profile can help predict how the drug behaves before it reaches its 

biological target. 51 

• Pharmacodynamic studies. Since many emerging targets lack known biochemical 

function, metabolomics has become essential for understanding the mechanisms 

of action of new potential drugs or molecules already in use, and for identifying 

markers of therapeutic efficacy. In fact, metabolomics can help identify therapeutic 

targets and clarify the mechanism of action of drugs by analyzing the metabolic 

alterations induced by treatment. This approach relies on using metabolic maps to 

identify the proteins most affected by drugs, which are then subjected to further 

analysis. This strategy often combines untargeted metabolomics (which explores 

the entire metabolic profile without bias) with in silico or chemoinformatics 

approaches to gain a more complete view of induced changes. 54 The 

pharmacometabolomic approach has recently been employed to uncover new 

insights into the mechanisms of action of widely used drugs such as statins and 

sertraline. It has also proven valuable in elucidating the pharmacological activity 

of compounds with less well-defined mechanisms of action, including some 

antiprotozoal agents. 55-58 

At the same time, analyzing drug-induced changes at the metabolic level can 

provide new insights into the toxicity of drug treatments, importantly reducing 

drug failures. 59 Perhaps the best-known example of these early applications in 
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toxicology screening is COMET (the Consortium for Metabonomic Toxicity), 

which brought together five major pharmaceutical companies along with 

academics from the Imperial College London to use metabolomics as a means of 

creating an expert system for predicting kidney and liver toxicity of drug-like 

compounds in rodents. Over a period of 5 years and nearly 150 studies, COMET 

clearly demonstrated that metabolomics could provide fast, inexpensive, non-

invasive approaches to assessing and even predicting liver and kidney toxicity of 

lead compounds. 60 

 

1.3.1 Metabolomics to study biomolecules molecular mechanism  

As is clear from the previous paragraph, the number of applications of 

metabolomics in drug discovery and development programs is enormously increasing. 

The metabolomics approach has been adopted relatively recently in drug discovery 

programs. Key areas for its application during the drug development process include: 

(i) target identification; (ii) clarification of the mechanism of action (MoA); (iii) 

discovery of markers of therapeutic efficacy (TE); and (iv) markers of physiological 

response (PR), including monitoring of therapy. 54 

Untargeted Metabolomics is increasingly recognized as a valuable and effective 

approach for establishing target engagement markers and for gaining insights into 

MoA. Untargeted strategies are highly advantageous for providing insights not only 

into MoA but also into potential off-target interactions and adverse effects (AEs). 

Ultimately, drug repurposing strategies are poised to benefit substantially from a 

comprehensive understanding of drug-induced metabolic alterations, particularly 

when integrated with multi-omics, advanced bioinformatics, and pathway-mapping 

approaches. 5, 54 

Metabolomics, especially when applied in an untargeted manner, offers a broad 

capacity to uncover unexpected effects. 54, 61 This approach can potentially overcome 

a fundamental limitation in conventional MoA studies, which are typically driven by 

specific leading hypotheses and therefore tend to concentrate on a single, potentially 

biased cellular process. While such hypothesis-driven strategies can yield positive 

results, they often restrict the scope of investigation and make it difficult to uncover 

unexpected or off-target biochemical effects. 
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In this context, pharmacometabolomics offers a powerful strategy for uncovering 

unexpected molecular effects. 54, 61  This technique enables a comprehensive study of 

the global impact of a molecule, without restricting the analysis to the stimulation of a 

specific receptor or the activation of a particular biochemical pathway.  

Moreover, clarifying the biochemical pathways affected by a molecule may provide 

new investigative insights for designing novel molecular entities with enhanced 

therapeutic activity and fewer side effects. 

 
1.4 The future direction: hyperpolarization 

The main limitations of NMR methods are linked to the signal overlaps that occur 

in the widely used 1D 1H spectra of complex biological mixtures and to their low 

sensitivity, with a limit of detection in the low micromolar concentration regime. The 

former is partially overcome by the introduction of a second dimension in the 

frequency domain using 2D spectra, which recent technologies have made more 

sensitive, faster, and more qualitative. 62-64 The latter represents the most important 

issue of all conventional NMR methods and relates to the low energy gap between spin 

states, leading to a low nuclear polarization - i.e., the polarization of protons in a 

typical NMR spectrometer (14.1 T, 600 MHz proton Larmor frequency) can be 

estimated to be 0.0048% at room temperature.  

While its relatively lower sensitivity is often considered an Achilles’ heel, NMR 

sensitivity has significantly improved over the past couple of decades. An approach to 

overcome this problem is to force the distribution of nuclear spin in the lower level of 

energy, increasing the so-called polarization (P), defined as the ratio between the 

difference of nuclei in alpha level (Na) and beta level (Nb), and the total number of 

nuclei (N):  

P= !a	#	!b
!  

So, hyperpolarization NMR methods aim to obtain a transient overpopulation of a 

nuclear spin state, resulting in large NMR signal enhancements. This can be obtained 

in different ways.  

• The simplest method is the so-called “brute-force” method, in which the sample is 

frozen at cryogenic temperatures and in a high magnetic field, and the resulting 

rapid dissolution at room temperature yields a hyperpolarized sample. 65 



 

 13 

• Dissolution Dynamic Nuclear Polarization (d-DNP) is similar to “brute force” but 

is based on polarization transfer from the unpaired electron of a polarizing agent 

(PA), typically a free radical, to the nuclear spins of the target molecules. This 

method requires a dedicated DNP apparatus which provides a suitable magnetic 

field, low temperatures, and microwave irradiation. d-DNP applications are mainly 

in 13C detection because 13C hyperpolarization persists longer during transfer 

between the two magnets, due to their longer T1s. 66, 67 

• Para-hydrogen based hyperpolarization relies on spin order of the para-isomer of 

molecular hydrogen. This spin order can lead to hyperpolarization when the 

symmetry of the parahydrogen (p-H2) molecule is broken, either after a 

hydrogenation reaction or upon formation of a metal complex. 68 

 

1.4.1 Parahydrogen  

The hydrogen molecule consists of two hydrogen atoms linked together and, as a result 

of the combination of their two protons’ spins, four different nuclear spin 

configurations are obtained. Since the two atoms are identical, the combination gives 

- outside a magnetic field -  two levels of energy: 

• The higher represented by the triplet (aa, bb, ab+ba) called ortho-hydrogen (o-

H2) and having symmetric nuclear wavefunctions. 

• The lower represented by a single state (ab-ba) called parahydrogen (p-H2) and 

having an antisymmetric nuclear wavefunction. 

Since protons have half-odd-integer spin (I = 1/2), they are fermions and are subject 

to Pauli’s exclusion principle. This means that, under the exchange of two identical 

particles, the overall molecular wavefunction has to be antisymmetric, restricting the 

ortho-hydrogen to an antisymmetric rotational state (J = odd) and p-H2 to symmetric 

one (J = even) (Figure 1.1). 
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Figure 1.1 Energy diagram for the lowest spin-rotational states of H2.

69
 

 

At room temperature, molecular hydrogen exists as a mixture of ortho e para-

hydrogen, in a 3:1 ratio, favouring the ortho form. Due to the forbidden transition 

between singlet and triplet states, the conversion between p-H2 and o o-H2 is extremely 

slow at room temperature. However, at low temperature and in the presence of a 

catalyst (such as ferric oxide and activated carbon), only the J = 0 level is appreciably 

populated, so that the p-H2 is significantly enhanced.  

For example, at the temperature of liquid N2 (77K), hydrogen spin isomers are 

present as 50% para and 50% ortho-hydrogen; while at 25 K, the ratio increases to 

99:1.  

For hyperpolarization experiments, para-enriched H2 is either permanently added 

to a target molecule 70 or brought into temporary contact. 71 Hydrogenation at high 

magnetic fields is usually referred to as a PASADENA experiment. 72, 73 In contrast, 

hydrogenation at low magnetic fields and subsequent transfer to high field is often 

called ALTADENA. 70 

Enhanced proton magnetization results from the “singlet order” i.e. the para-/ortho 

unbalance with respect to thermal hydrogen. This conversion can take place 

spontaneously or it may be aided by radio-frequency (RF) pulses or variations of the 

magnetic field (field cycling). Whereas detection of a 1H signal may be sufficient for 

in vitro analysis, in vivo application usually necessitates transfer to a slow-relaxing X-

nucleus such as 13C or 15N. 74 
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1.4.2 Parahydrogen Induced Polarization (PHIP) 

The p-H2-induced polarization (PHIP) consists of a chemical reduction reaction that 

involves para-enriched hydrogen in its singlet state, facilitated by a rhodium-based 

catalyst. This means that PHIP has an essential structural requirement: the presence of 

an unsaturation in the analyte’s structure. When parahydrogen is added in a pairwise 

manner to an asymmetric unsaturated molecule, the symmetry of the hydrogens is 

broken, and this determines a significantly enhanced nuclear spin polarization. 75 

This insaturation is generally close to a 13C o di 15N labeled nuclei. In such a way, 

an intramolecular spin transfer passes through spin-spin coupling from nascent 

parahydrogen protons to significantly longer-lived labeled nuclei. Since the in vivo 13C 

background signal is low, hyperpolarized 13C compounds were quickly shown to be 

useful as an in vivo contrast agent for biomedical imaging applications. 76 

Although PHIP requires specific structural conditions for its application, this 

limitation can be overcome by incorporating unsaturation into the target molecule, 

either by using an unsaturated precursor or by introducing a double bond into side 

chains, as demonstrated for amino acids. 74 

 

1.4.3 SABRE 

In 2009, the PHIP technique, termed signal amplification by reversible exchange 

(SABRE) was described. 71 In contrast with traditional PHIP methods, SABRE does 

not involve an irreversible reaction. Still, it employs a reversible interaction between 

p-H2 and a substrate (e.g., pyridine) and an active iridium-based catalyst (formed from 

a precatalyst) (Figure 1.2A). 

At low field, spontaneous polarization transfer occurs between the hydrides 

originating from p-H2 and the nuclear spins of the analyte that is temporarily associated 

with the iridium catalyst. Continuous ligand association/dissociation leads to the 

buildup of hyperpolarization of free analyte in solution, which can be detected by 

NMR after transferring the sample to a high magnetic field. The addition of a 

cosubstrate in large excess further increases the analyte’s NMR proton signals. 77 

SABRE experiments provide hyperpolarized free analyte in solution, whose proton 

signals can allow analyte identification by a simple chemical shift comparison with an 

NMR database.  
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Therefore, the advantage of SABRE over PHIP is that it does not require the 

presence of a double bond. However, the substrate must possess specific structural 

features that allow interaction with the catalyst’s metal center. Analyte coordination to 

iridium is required, implying some degree of selectivity, so the hyperpolarization 

catalyst should be considered a chemosensor.  
 

1.4.4 nhPHIP 

Besides SABRE, there is another method called high-field non-hydrogenative PHIP 

(HF-nhPHIP), which does not require hydrogenation, unlike classical PHIP. HF-

nhPHIP - sometimes also called early nhPHIP - uses similar reagents to SABRE for 

the hyperpolarization process, but differs in some aspects, including the type of signal 

that is detected.  

In nhPHIP, the same iridium complex employed in SABRE is formed through the 

transient association of p-H2, a dilute analyte, an excess of cosubstrate, and the catalyst 

(Figure 1.2B). In contrast to SABRE, however, the hyperpolarization is not transferred 

to the free analyte in solution but remains localized on the hydrides derived from p-

H2. This process occurs directly at high magnetic field, such as inside the NMR 

spectrometer. 

 
Figure 1.2 (A)  Schematic representation of the SABRE experiment at low magnetic field: 

spontaneous transfer of spin order from hydrides derived from para-enriched hydrogen (p-

H2) to the nuclear spins of the analyte occurs through scalar coupling within the transient 

complex [Ir(IMes)(H)2(analyte)(cosub)2]Cl. Dissociation of the analyte releases 

hyperpolarized molecules into solution, enabling enhanced NMR detection. (B) Schematic 

representation of reversible PHIP at high magnetic field: reversible association of p-H2 and 

analytes leads to the formation of the asymmetric complex [Ir(IMes)(H)2(analyte)(cosub)2]Cl, 

resulting in hydride hyperpolarization and up to 1000-fold signal enhancement in NMR. 

Cosub: cosubstrate. Adapted from 
78 

 

An asymmetric configuration in which both the analyte and cosubstrate occupy the 

equatorial plane of the complex is energetically favored. In this geometry, the hydrides 

derived from p-H2 are chemically non-equivalent, which leads to rapid dephasing of 
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the singlet spin state into longitudinal spin order. By applying a PASADENA pulse 

sequence, this spin order is converted into enhanced magnetization. As a result, NMR 

experiments reveal two hyperpolarized hydride signals for each analyte bound to the 

iridium complex. Unlike SABRE, nhPHIP does not produce signals from the analyte’s 

own protons. Instead, the hydride signals - whose chemical shifts are highly sensitive 

to the bound analyte - appear in a typically signal-free region of the 1H spectrum, 

around -20 ppm. 79 

This improved sensitivity and specificity, combined with minimal background 

interference, make nhPHIP particularly useful for detecting very dilute components in 

complex biological mixtures, such as natural extracts and biofluids. 78, 80, 81 

 

1.4.5 Hyperpolarization NMR in metabolomics 

Over the past decade, numerous studies have demonstrated that hyperpolarization 

techniques can detect metabolites in complex biological matrices derived from both 

plant and animal sources. 62, 82 Hyperpolarized NMR appears particularly promising in 

overcoming the sensitivity limitations of conventional NMR-based metabolomics, 

which often fails to detect metabolites present at very low concentration in biological 

samples. In the past five years, both d-DNP and parahydrogen-based NMR 

metabolomics approaches have been reported. 

In 2020, Giraudeau’s research group successfully incorporated hyperpolarized 

NMR Metabolomics (via d-DNP) at natural 13C in a metabolomics study, allowing 

discrimination between red-ripe and mature-green tomato extracts. 83 

More recently, the same research group compared urine samples from patients with 

chronic kidney disease to those from healthy controls using hyperpolarized 13C NMR 

metabolomics at natural abundance, achieving detection limits in the sub-millimolar 

range. When comparing hyperpolarized metabolomics with conventional 1D 1H NMR 

analysis, they found that several results were consistent across both methods. 

However, 13C hyperpolarized NMR enabled the identification of two biomarkers that 

were not detectable by ¹H NMR due to peak overlap, taking advantage of the broader 

spectral dispersion and narrower line widths characteristic of 13C NMR. 84 

Beyond d-DNP, NMR signal enhancement can be achieved for various classes of 

compounds - including nitrogen- and sulfur-containing heteroaromatics, nitriles, 

amines, α-amino acids, and oligopeptides - through nhPHIP. 81, 85-88 The selective 
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nature of nhPHIP-NMR makes it particularly suitable for semi-targeted metabolomics, 

enabling the detection of low concentrations of these metabolite classes. While such 

selectivity might initially seem limiting, it actually simplifies the spectral output, 

helping to highlight biomarkers that are otherwise undetectable by conventional NMR 

due to spectral crowding or excessive dilution. 

A practical example was reported in 2025 by Tessari’s research group, who 

presented the first implementation of parahydrogen-based hyperpolarization in an 

NMR metabolomics study.89 The authors used nhPHIP technique to conduct a semi-

targeted metabolomics study on urine samples from patients with Pyridoxine-

Dependent Epilepsy (PDE) - a condition currently diagnosed through the presence of 

highly dilute, disease-specific α-amino acid biomarkers. The study demonstrated that 

1D and 2D nhPHIP NMR provided better discrimination between PDE patients and 

healthy controls than conventional 1H NMR. While standard metabolomics identified 

only one biomarker, the hyperpolarized approach revealed additional disease-specific 

metabolites uniquely associated with PDE, enhancing diagnostic precision. This study 

demonstrates that 2D nhPHIP, with its enhanced resolution and signal strength, is a 

promising tool for highly sensitive NMR-based metabolomics.  

 

1.5 General aims and objectives 

My PhD research was primarily centered on metabolomics using NMR, which 

offers several advantages, including the relative ease of sample preparation, its 

intrinsically quantitative nature, high reproducibility, and the non-destructive 

acquisition of the data. More specifically, I focused on modern applications of 

metabolomics and emerging analytical techniques in the field, represented respectively 

by pharmacometabolomics and hyperpolarization-enhanced NMR (Figure 1.3). 

NMR-based metabolomics was used to: 

• Investigate the cellular mechanism of action (MoA) of selected molecular entities.  

This strategy emerged in response to a key limitation of conventional studies on 

MoA, which are often guided by predefined hypotheses and tend to focus narrowly 

on a single cellular pathway. In contrast, pharmacometabolomics provides a robust 

and unbiased approach to reveal unexpected molecular effects. 54, 61 When applied 

with an untargeted approach, this technique allows for a comprehensive 

assessment of the global biological impact of a compound, without being confined 
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to the activation of a specific receptor or biochemical cascade. In more detail, I 

used this approach to study the potential use of two molecules in Alzheimer’s 

disease (AD): the alkaloid nicotine and the growth factor Nerve Growth Factor 

(NGF). 

The metabolomic effects of nicotine and NGF were investigated using a cellular 

model of SH-SY5Y human neuroblastoma cells. By integrating data from both the 

exometabolome and endometabolome, I obtained a comprehensive overview of the 

systemic impact of these two molecules in the presence and absence of the 

amyloid-β peptide 1–42 (Aβ(1–42)).  

• Apply non-hydrogenative parahydrogen-induced polarization (nhPHIP) for the 

first time in a metabolomic study on animal tissues. To investigate the functional 

role of D-aspartate (D-Asp) in the mature brain, we performed a metabolomic 

analysis based on nhPHIP-NMR on brain extracts from wild-type mice and mice 

with genetically modulated expression of the D-aspartate oxidase (ddo) gene. 

Using an iridium-based catalyst, a chiral cosubstrate (S-nicotine), and p-H2, this 

technique enables enhanced sensitivity for detecting the stereochemical 

configuration of amino acids in metabolomic samples. This work was conducted 

in collaboration with Prof. Usiello, who provided the animal samples, and Dr. 

Tessari from the Magnetic Resonance Research Center at Radboud University 

(The Netherlands), where the spectra were recorded. 

 
Figure 1.3 Overview of NMR-based metabolomics applications explored during my PhD 

and discussed in the following chapters. 
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Chapter II 

Metabolomic approach to investigate nicotine effects in a 

neurodegenerative cell model 

 

2.1 Nicotine: friend or foe? 
Nicotine (IUPAC name (S)-3-(1-methyl-2-pyrrolidinyl)pyridine) is a pyridine 

alkaloid, which represents approximately 95% of the total alkaloids in the leaves of 

the tobacco plant (Nicotiana tabacum). It is the primary psychoactive compound in 

tobacco smoke and plays a central role in both the initiation and maintenance of 

dependence. Consequently, nicotine is frequently implicated in the development of 

smoking-related addiction. It is well-established that smoking cigarettes elevates the 

risk of various health issues, including but not limited to cancers, 1, 2 atherosclerotic 

cardiovascular diseases, 3 respiratory diseases, 4 and diabetes. 5 Nevertheless, several 

studies have shown that nicotine has beneficial effects in certain diseases, possibly due 

to its anti-inflammatory and antiapoptotic properties. 6-9 It appears that nicotine’s role 

in disease varies greatly depending on the specific condition and the mode of 

administration. Consequently, the scientific community remains divided on whether 

this alkaloid should be regarded as beneficial or harmful. 10 However, there is a broad 

consensus that nicotine positively influences brain function by enhancing several 

cognitive domains, including attention, learning, and memory. 11 As a result, it has 

shown potential in alleviating cognitive impairments associated with conditions such 

as Alzheimer’s disease (AD), Parkinson’s disease (PD), age-related memory disorders, 

schizophrenia, autism, and attention deficit hyperactivity disorder (ADHD). 12, 13 The 

role of nicotine is primarily attributed to its ability to stimulate nicotinic acetylcholine 

receptors (nAChRs), which are abundant in the brain and play a crucial role in 

cognitive function.  

Nevertheless, nicotine is well known to cross both the blood-brain barrier and the 

cytoplasmic membrane due to its chemical structure and biophysical properties. 

Therefore, nicotine could directly affect mitochondrial respiration, cellular processes, 

and cellular signaling under proper pH conditions. 14 This suggests the existence of 
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potential alternative mechanisms of action, besides direct receptor stimulation, which 

remain poorly understood and need further investigation.  

Accordingly, nicotine has been shown to affect mitochondrial function both in 

vitro and in vivo. Again, the exact mechanisms underlying nicotine’s effects on 

mitochondrial function remain largely unknown. 15, 16 Mitochondrial-mediated energy 

homeostasis is pivotal for brain function and cognition.16, 17 Therefore, it may be 

essential to clarify the impact of nicotine on these organelles to provide additional 

insights into its action in the brain. 

In this context, pharmacometabolomics - thanks to its untargeted nature - 

represents a powerful tool to explore the mechanism of action of nicotine. 18, 19 

Previous metabolomics studies have examined the effects of nicotine on mouse 

brains to understand its rewarding properties better, revealing alterations in 

neurotransmitter levels, energy metabolism, and membrane function.20 More recently, 

Uhlig et al. employed mass spectrometry-based metabolomics to examine nicotine 

metabolism in THP-1 monocytes, offering new insights into the physiological 

responses associated with various nicotine products, including cigarettes and snuff. 21  

Despite these advances, the mechanisms underlying nicotine’s impact on cognitive 

performance remain poorly understood. 

 

2.2 Nicotine in Alzheimer’s disease 
AD is the primary neurodegenerative disease spreading worldwide, and it is 

estimated that up to 107 million subjects will be affected by 2050. 22 

One of the main histopathological hallmarks of AD is amyloid plaque deposition in 

the brain, whose aggregation seems to occur decades before the disease’s onset. 23 

Amyloid peptide (Aβ) is derived from a large protein called amyloid precursor protein 

(APP). In the neurons of subjects with AD, APP is cleaved first by β-secretase and 

then by γ-secretase, resulting in the production of β-amyloid 40 and β-amyloid 42 (Aβ 

(1-40), Aβ(1–42)). 24 These peptides undergo a conformational transition to aggregate 

around meningeal and cerebral vessels and grey matter. The extracellular plaques 

formed disrupt neural function, leading to memory loss and cell death. 25, 26 

Despite several epidemiological studies demonstrating that cigarette smoke is a 

factor in predisposing people to neurodegenerative diseases such as AD, 27 nicotine 

has been widely studied for its ability to improve cognitive performance, including 
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attention, working memory, and episodic memory, both in preclinical models and in 

human studies. 28 Furthermore, nicotine treatment has been shown to reduce Aβ 

accumulation in the cortex and hippocampus in rat models. 29 Published studies in 

humans have reported that intravenous and subcutaneous nicotine administration in 

AD patients improved several cognitive tasks, such as visual attention and perception, 
30, 31 mood and lexical tasks, 32 but not memory. 33 

The mechanism of action responsible for the beneficial effect of nicotine in AD 

preclinical models and patients is still questioned, although some hypotheses have 

been proposed: i) nAChRs are significantly reduced in the AD brain, 34 suggesting that 

nicotine’s positive effects may result from the upregulation of these receptors; 35, 36 ii) 

Nicotine decreases the accumulation of Aβ in the cortex and hippocampus of mice 

models of AD, preventing the activation of NF-κB and c-Myc by inhibiting the 

activation of MAP kinases (MAPKs). Thus, inducible nitric oxide synthases (NOS) 

and NO production activity are downregulated. 37 iii) Furthermore, nicotine binding to 

a7nAChR prevents Aβ interaction with nicotine receptors, which causes the inhibition 

of a7nAChR-dependent calcium activation and the acetylcholine release, two 

processes critically involved in memory and cognitive functions. 38 iv) Enhanced 

oxidative stress characterized the brain of AD patients, and some studies suggest that 

the beneficial effects of nicotine in neurodegenerative disease may be, at least partly, 

due to an antioxidant mechanism; 39 v) The neuroprotective effect of nicotine resides 

in its antiaggregant properties. Structural studies investigating the interaction of Aβ 

peptides with nicotine and its derivatives demonstrate that nicotine slows down the 

aggregation of Aβ (1-42) and Ab (25–35) peptides. 40, 41 

Once again, the specific mechanisms underlying the protective effects of nicotine 

- reported across in vitro, preclinical, and clinical studies - in AD remain incompletely 

understood. 

 

2.3 The aims of the study 
To address the existing gap in understanding the effects of nicotine on cognitive 

function and its potential protective role against Aβ(1–42) toxicity, we investigated its 

mechanism of action through a pharmacometabolomic approach. 

In recent years, pharmacometabolomics has emerged as an innovative approach for 

investigating the molecular mechanisms and toxicity profiles of both approved drugs 
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and novel molecular entities. 42, 43 Indeed, an intriguing aspect of metabolomics is its 

untargeted nature, potentially enabling the discovery of unexplored connections 

among disease, therapeutics, and biological pathways. NMR spectroscopy represents 

a robust and suitable technique for metabolomic studies, enabling the simultaneous 

qualitative and quantitative identification of low-molecular-weight compounds in 

biofluids and other biological matrices. 44-46 

Although several metabolomic studies on nicotine have been conducted, this work 

represents, to the best of our knowledge, the first comprehensive analysis performed 

on a human neuron-like cellular system. We employed the SH-SY5Y cell line, an in 

vitro model widely used in neuroscience research, particularly in studies on 

neurodegenerative diseases and nicotine exposure. 47, 48 SH-SY5Y cells express 

nAChRs on their cytoplasmic membrane, particularly the α3, α5, and α7 subunits for 

the alpha component, and β2 and β4 for the beta component (the Human Protein Atlas).  

Given the importance of metabolic equilibrium between intracellular and 

extracellular compartments for proper cellular function, we integrated data from 

intracellular metabolites (endometabolome) and extracellular metabolites 

(exometabolome) to gain a deeper understanding of the cells’ metabolic behavior. To 

this end, we built for the first time a statistical model that combines the quantification 

matrices derived from the analysis of endometabolome and exometabolome spectra. 

Figure 2.1 illustrates the workflow followed for this study: 

1. We preliminarily analyzed the effect of nicotine alone on SH-SY5Y compared 

to untreated cells. In this preliminary analysis, we observed that nicotine 

primarily influences phospholipid and sphingolipid metabolism, as well as 

mitochondrial function. 49 

Based on these findings, we extended our investigation to a pathological context, 

specifically AD. To gain new insights into the molecular mechanism underlying the 

neuroprotective action of nicotine in AD, we analyzed SH-SY5Y neuroblastoma 

cells treated with nicotine in the presence of Aβ(1–42), the main amyloid peptide 

that aggregates in AD brain.  

2. We first confirmed that our cellular model could reproduce the metabolic 

alterations typical of AD. 50-53 

3. Then, we analyzed the effect of nicotine in the presence of Aβ(1–42). 

Interestingly, our data show a rebalancing of the metabolic state of SH-SY5Y 
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cells pretreated with nicotine and incubated with Aβ(1–42) toward that of 

healthy control cells. A careful analysis of our data to understand how nicotine 

may impact different sides of cellular metabolism suggests significant effects 

of the alkaloid on (i) amino acid metabolism, particularly those involved in 

neurotransmission, (ii) energy metabolism, and (iii) membrane phospholipid 

metabolism. 

 
Figure 2.1 Experimental workflow. NMR Metabolomics was the approach used to evaluate 

the mechanism of action of nicotine in absence and in presence of a pathological insult, i.e. 

amyloid peptide (Aβ(1–42)).  
 

 

2.4 Results 

2.4.1 Impact of nicotine on SH-SY5Y cell viability 

Initially, we performed a viability test to determine the effect of nicotine on SH-

SY5Y cell survival. Since metabolomic analysis results depend heavily on treatment 

conditions, we deemed this preliminary step essential. The viability test helps us 

identify the optimal nicotine concentration and exposure duration for sample 

preparation in metabolomics analysis.  The bar graph in Figure 2.2A shows that 

nicotine significantly reduces cell viability at concentrations above 1.30 mM, with an 

IC50 of 5.58 ± 0.34 mM (Figure 2.2B). 
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Figure 2.2 (A) Bar graph showing the percentage of viable SH-SY5Y cells 24 hours after 

treatment with nicotine (0.10–10 mM). Cell viability was assessed using the CCK-8 assay and 

expressed as the percentage of viable cells in treated cultures relative to untreated controls 

(CTRL). Data are presented as mean ± standard deviation (SD) from three independent 

experiments. Statistical analysis was performed using one-way ANOVA followed by Dunnett’s 

multiple comparisons test, using GraphPad Prism 8.0 software (San Diego, CA, USA). 

Statistical significance was set p < 0.05. Asterisks indicate significance levels compared to 

CTRL: p < 0.01 (
**

), and p < 0.0001 (
****

). (B) Nicotine IC50 was calculated using GraphPad 

Prism 8.0 software by nonlinear regression of dose-response inhibition. 
 

2.4.2 Nicotine impacts on lipid metabolism, mitochondrial function, and amino 

acid concentrations 
1H-NMR spectroscopy was employed to investigate the metabolomic profiles of 

cellular extracts and growth medium, representing the endometabolome and 

exometabolome, respectively. SH-SY5Y cells were treated with 100 µM nicotine for 

24 h prior to sample collection for metabolomic analysis. This concentration was 

selected based on cell viability assays, which confirmed that it does not compromise 

SH-SY5Y cell viability. It was therefore considered appropriate for investigating 

potential metabolomic alterations induced by nicotine under non-cytotoxic conditions. 

Figures 2.3A and B show representative 1D 1H NOESY NMR spectra of the cellular 

endo- and exo-metabolome, respectively. 54 
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Figure 2.3 (A) Representative 1D 

1
H NOESY spectrum illustrating the polar cellular 

extracts (endometabolome) obtained from SH-SY5Y cells treated with nicotine. A total of 54 

metabolites were identified in the endometabolome: 1: 2-Hydroxybutyric acid; 2: 2-Methyl-3-

ketovaleric acid; 3: 2-Oxobutyrate; 4: 3-Hydroxybutyrate; 5: 3-Methyl-2-oxovalerate; 6: 5,6-

Dihydrothymine; 7: Acetate; 8: Acetoacetate; 9: Acetylcysteine; 10: Alanine; 11: Arginine; 

12: Aspartate; 13: ATP; 14: Betaine; 15: Carnitine; 16: Choline; 17: Citicoline; 18: Formate; 

19: Fructose; 20: Glucose; 21: Glutamate; 22: Glutamine; 23: Glutathione; 24: 

Glycerophosphocholine; 25: Glycine; 26: Histidine; 27: Homocysteine; 28: Isobutyryl-L-

carnitine; 29: Isoleucine; 30: Isovalerate; 31: Lactate; 32: Lactose; 33: Leucine; 34: Lysine; 

35: Methanol; 36: Methionine; 37: Methylmalonate; 38: N-Acetyl-L-aspartic acid; 39: 

Phenylalanine; 40: Phosphorylcholine; 41: Proline; 42: Pyroglutamate; 43: Pyruvate; 44: 

Riboflavin; 45: Sarcosine; 46: Serine; 47: Succinate; 48: Taurine; 49: Threonine; 50: 

Tryptophan; 51: Tyrosine; 52: UDP-glucose; 53: UDP-N-Acetylglucosamine; 54: Valine. (B) 

Representative 1D 
1
H NOESY spectrum of growth medium (exometabolome) obtained from 

SH-SY5Y cells treated with nicotine. A total of 34 metabolites were identified in the 

exometabolome: 1: 2-Aminoisobutyric acid; 2: 2-Methyl-3-ketovaleric acid; 3: 3-

Hydroxybutyrate; 4: 3-Methyl-2-oxovalerate; 5: 5,6-Dihydrothymine; 6: Acetate; 7: Alanine; 
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8: Arginine; 9: Formate; 10: Fructose; 11: Glucose; 12: Glutamate; 13:Glutamine; 14: 

Glycine; 15: Histidine; 16: Homocysteine; 17: Homocystine; 18: Isoleucine; 19: Lactate; 20: 

Lactose; 21: Leucine; 22: Lysine; 23: Methanol; 24: Methionine; 25: N-Methyl-a-

aminoisobutyric acid; 26: Phenylalanine; 27: Proline; 28: Pyroglutamate; 29: Serine; 30: 

Threonine; 31: Tryptophan; 32: Tyrosine; 33: Valine; 34: Nicotine. Spectra were acquired at 

600 MHz. The different colours denote individual metabolites identified. The figure of spectra 

has been directly exported from Chenomx NMR Suite v10.1 software. 

 
1H chemical shift assignment, conducted with Chenomx NMR-Suite (Chenomx 

NMR suite, v10.1, Edmonton, AB, Canada), detects the presence of 54 metabolites in 

the endometabolome and 34 in the exometabolome. The metabolites were quantified 

using NMRProcFlow, 55 with the internal standard trimethylsilyl propanoic acid (TSP-

d4) added to the sample as a reference compound.  

After normalization by sum, Log transformation, and Pareto scaling, the 

concentration data matrices were analyzed using both univariate and multivariate 

approaches. 

As shown in the Volcano plot, the cellular medium of SH-SY5Y cells treated with 

nicotine exhibits a lower concentration of 3-hydroxybutyrate (Figure 2.4A). On the 

other hand, the intracellular compartment reports higher concentrations of glycine, L-

aspartyl-L-phenylalanine, sarcosine, and phosphorylcholine (PC), while lower 

concentrations of lactose and proline (Figure 2.4B). A comprehensive overview of the 

relative concentrations of all metabolites is shown in the heatmaps (Figures 2.5A, 
2.5B). 

 

 
Figure 2.4 Volcano plot analysis of metabolic changes in the exo- (A) and endo-

metabolome (B) of SH-SY5Y cells treated with nicotine vs untreated cells. Each point on the 

volcano plot was based on p-value and fold-change value, set at 0.05 and 2.0, respectively. 

Red points identify up-regulated metabolites, whereas blue points identify down-regulated 

metabolites. 
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Figure 2.5 Heatmaps of changed metabolites in SH-SY5Y cells treated with nicotine, for 

exo- (A) and endometabolome (B). The color of each section corresponds to a concentration 

value of each metabolite calculated by a normalized concentration matrix (red, up-regulated; 

blue, down-regulated). 

 

Considering the dynamic interchange between intracellular and extracellular 

compartments, and following an initial exploration of these compartments separately, 

we performed a supervised, integrated analysis using the sparse Partial Least Squares 

Discriminant Analysis (sPLS-DA) approach. 

 Figure 2.6A shows a sPLS-DA score plot representing the metabolomic profile of 

the combined cellular compartments of SH-SY5Y cells treated with nicotine and 

control cells exposed to the vehicle. The Cartesian space, described by the first and 

second principal components (PC1; PC2), explains 22% and 25% of the dataset 

variance, consistent with a net metabolomic difference between the endo- and exo-

metabolome of treated and untreated cells. The model’s validity was evaluated using 

a cross-validation approach, based on Q2 parameter (0.58 and 0.55 Q2 indices on PC1 

and PC2, respectively). Furthermore, the separation model area was validated by 

calculating the Mahalanobis distance, maximum distance, and centroids (Figure S1).  
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Figure 2.6 (A) sPLS-DA score scatter plots related to the metabolomic profile of combined 

cellular compartments related to SH-SY5Y treated with nicotine for 24 h (Nic) vs. control cells 

(Ctrl). The cluster analyses are reported in the Cartesian space described by the principal 

components PC1:22% and PC2:25%. sPLS-DA was evaluated using cross-validation (CV) 

analysis. CV tests performed according to the sPLS-DA statistical protocol show a significant 

cluster separation (0.98 and 0.79 accuracy values on PC1 and PC2, with positive 0.58 and 

0.55 Q2 indices, respectively). (B)  Loadings barplot related to the combined matrices of endo- 

and exo-metabolome. The variables responsible for metabolomic profile differences are 

ordered according to values of increasing importance from bottom to top. Colors indicate the 

cluster where the median is maximum for each metabolite (orange: nicotine; blue: control).  
 

The bar plot (Figure 2.6B), reporting the discriminating metabolites classified by 

their loading values, indicates that nicotine-exposed cells exhibit, in the extracellular 

environment, higher concentrations of alanine and lysine and lower concentrations of 

proline, 5,6-dihydrothymine, glycine, 2-aminoisobutyric acid, and 3-hydroxybutyrate. 

Conversely, in response to nicotine treatment, the intracellular compartment shows 

increased concentrations of methionine, glycine, N-acetylaspartate (NAA), sarcosine, 

PC, and reduced concentrations of succinate and proline. 

To identify the biochemical pathways affected by nicotine action, in agreement with 

the observed metabolite modifications, we performed an Enrichment pathway analysis 

of intracellular metabolites (Figure 2.7, Table S1).   
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Figure 2.7 Enrichment pathways analysis, showing the biochemical pathway affected by 

nicotine treatment: the discriminative pathways are ranked according to p-value and number 

of hits reported in the bars. 

 

Consistent with a significant increase in PC concentration, enrichment analysis 

reveals effects on biochemical pathways related to phospholipid biosynthesis, 

specifically sphingolipid and phosphatidylcholine biosynthesis, highlighting a role for 

nicotine in inducing an important lipid remodelling, modifying lipid metabolism and 

altering cell membrane structure. On the other hand, evident effects are observable in 

amino acid metabolism (methionine, arginine, and proline metabolism; glycine and 

serine metabolism; glutamate and alanine metabolism) and mitochondrial activity, 

particularly in the mitochondrial electron transport chain, oxidation of branched-

chain fatty acids, and citric acid metabolism.   

 

2.4.3 Nicotine protects neuroblastoma cells from Aβ(1–42) toxicity 

Before evaluating the protective effect of nicotine against Aβ(1–42) recombinant 

protein toxicity, the impact of Aβ(1–42) on SH-SY5Y cell viability was assessed, 

revealing an IC50 value of 46.75 ± 4.01 μM, as determined by dose–response analysis 

(Figure S2). 

To estimate the protective effect of nicotine on SH-SY5Y neuroblastoma cells a 

viability assay was performed. We confirmed the protective effect of nicotine against 

Aβ(1–42) toxicity, as reported in the literature. 56, 57 Figure 2.8 shows that SH-SY5Y 

neuroblastoma cells treated with Aβ(1–42) (25 μM) have 70.12 ± 3.07% survival. The 
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presence of 1mM and 100µM nicotine preserved cell viability up to 90.75 ± 3.14% 

and 93.75 ± 1.22%, respectively. 

 
Figure 2.8 Neuroprotective effect of nicotine against Aβ(1–42)-induced cytotoxicity. Cell 

viability was examined by the CCK-8 assay. SH-SY5Y cells were exposed to nicotine (1 mM 

and 100 μM) for 24 h before administration of Aβ (1- 42) recombinant monomer 25 μM for an 

additional 48 h. The viability variations were calculated as the percentage of viable cells in 

treated cultures compared to untreated ones (CTRL). Results are shown as mean ± standard 

deviation (SD) from three independent experiments. 
###

 denote respectively p < 0.001 vs. Ctrl; 

*, ** denote respectively p < 0.05 and p < 0.01 vs. Aβ(1–42).  
 

2.4.4 Aβ(1–42) disrupts energetic pathways, amino acid metabolism, and 

membrane stability 

To evaluate the effects of Aβ(1–42) on SH-SY5Y cells, we analyzed the metabolic 

profiles of cells exposed to Aβ(1–42) compared with those of control cells treated with 

the vehicle alone (CTRL). 1H NMR spectra of intracellular extracts (endometabolome) 

and extracellular media (exometabolome) were collected (Figures 2.9A, B), and the 
1H resonance assignment resulted in a metabolite matrix including, for each sample, 

the intracellular and extracellular metabolite concentrations. 
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Figure 2.9 (A) Representative 1D 

1
H NOESY spectrum of the polar cellular extracts of SH-

SY5Y cells (endometabolome). A total of 55 metabolites were identified in the 

endometabolome:  1: 2-Hydroxybutyrate; 2:2-Methyl-3-ketovaleric acid; 3: 2-Oxobutyrate; 

4: 3-Hydroxybutyrate; 5: 3-Methyl-2-oxovalerate; 6: 5,6-Dihydrothymine; 7: Acetate; 8: 

Acetoacetate; 9: Acetylcysteine; 10: Alanine; 11: Arginine; 12: Aspartate; 13: ATP; 14: 

Betaine; 15: Carnitine; 16: Choline; 17: Citicoline; 18: Formate; 19: Fructose; 20: Glucose; 

21: Glutamate;  22: Glutamine; 23: Glutathione; 24: Glycerophosphocholine; 25: Glycine; 

26: Histidine; 27: Homocysteine; 28: Homocystine; 29: Isobutyryl-L-carnitine; 30: 

Isoleucine; 31: Isovalerate; 32: Lactate; 33: Lactose; 34: Leucine; 35: Lysine; 36: Methanol; 

37: Methionine; 38: Methylmalonate; 39: N,N-Dimethylformamide; 40: N-Acetyl-L-aspartic 

acid; 41: Phenylalanine; 42: Proline; 43: Pyroglutamate; 44: Pyruvate; 45: Riboflavin; 46: 

Sarcosine; 47: Serine; 48: Succinate; 49: Taurine; 50: Threonine; 51: Tryptophan; 52: 

Tyrosine; 53: UDP-glucose; 54: UDP-N-Acetylglucosamine; 55: Valine. (B)  Representative 

1D 
1
H NOESY spectrum of and conditioned growth medium (exometabolome). A total of 34 

metabolites were identified in the exometabolome:  1: 2-Aminoisobutyric acid; 2: 2-Methyl-3-

ketovaleric acid; 3: 3-Hydroxybutyrate; 4: 3-Methyl-2-oxovalerate; 5: 5,6-Dihydrothymine; 

6: Acetate; 7: Alanine; 8: Arginine; 9: Dimethylallylpyrophosphate; 10: Formate; 11: 

Fructose;  12: Glucose; 13: Glutamate; 14: Glutamine; 15: Glycine; 16: Histidine; 17: 

Homocysteine; 18: Homocystine; 19: Isoleucine; 20: Lactate; 21: Lactose; 22: Leucine; 23: 

Lysine; 24: Methanol; 25: Methionine; 26: Phenylalanine; 27: Proline; 28: Pyroglutamate; 

29: Pyruvate; 30: Serine; 31: Threonine; 32: Tryptophan; 33: Tyrosine; 34: Valine. The 
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spectra are acquired at 600 MHz and T = 310 K. The continuous black lines represent the 

experimental spectra, whereas the individual metabolites - identified with the Chenomx NMR 

Suite v10.1 software - are denoted by different colors. The figure of spectra has been directly 

exported from Chenomx NMR Suite v10.1 software. 

 
 

Figures 2.10A and 2.10B show the Volcano Plots for the endo- and exometabolome 

of cells incubated with Aβ(1–42). The quantification of the metabolite concentration 

reveals an increase in pyruvate, succinate, isobutyryl-carnitine, and homocysteine and 

a reduction of pyroglutamate, taurine, and carnitine in the endometabolome. 

Moreover, an increase in threonine and a decrease in fructose were observed in the 

exometabolome. 

Based on univariate statistical analysis, sarcosine appears to increase and serine to 

decrease in both endo- and exo-metabolomes of SH-SY5Y cells incubated with Aβ(1–

42); conversely, tryptophan concentration increases in the intracellular compartment 

and decreases in the extracellular compartment.  
 

 
Figure 2.10 Volcano plot analysis of metabolic changes in the exo (A) and 

endometabolome (B) of SH-SY5Y cells incubated with Aβ(1–42) vs. control cells. Each point 

on the volcano plot was based on p-value and fold-change values, set at 0.05 and 2.0, 

respectively. Red points identify up-regulated metabolites, whereas blue points identify down-

regulated metabolites. 
 

Volcano plot results were confirmed by heatmap analysis, which indicated, using a 

specific color code, the downregulation (in blue) and upregulation (in red) of all 

metabolites detected in the spectra (Figures 2.11A, B). 
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Figure 2.11 Heatmaps of changed metabolites in SH-SY5Y cells treated with Aβ(1–42), for 

exo- (A) and endometabolome (B). The color of each section corresponds to a concentration 

value of each metabolite calculated by a normalized concentration matrix (red, up-regulated; 

blue, down-regulated). 

 
Using a combined approach to analyze the metabolomic profiles of intra- and 

extracellular compartments, we derived an sPLS-DA score plot representing the 

metabolomic profiles of the cell compartments of SH-SY5Y cultures incubated with 

Aβ(1–42) vs. untreated controls (Figure 2.12A). The Cartesian space is described by 

the first and second main components (PC1; PC2), which explain 40% and 16% of the 

dataset’s variance, respectively. The model’s validity was evaluated using a cross-

validation approach, using the Q2 parameter (0.80 and 0.90 on PC1 and PC2, 

respectively). Furthermore, the separation model area was validated by calculating the 

Mahalanobis distance, maximum distance, and centroids (Figure S3). The separation 

of clusters indicates that Aβ(1–42) perturbs both exometabolome and 

endometabolome of the cell cultures. 
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Figure 2.12 (A) sPLS-DA score scatter plots related to the combined matrices of endo and 

exometabolome of SH-SY5Y cells treated with Aβ(1–42) (Abeta) vs. control cells (CTRL). The 

cluster analyses are reported in the Cartesian space described by the principal components 

PC1:40% and PC2:16%. sPLS-DA was evaluated using cross-validation (CV) analysis. CV 

tests performed according to the sPLS-DA statistical protocol show a significant cluster 

separation (1.0 accuracy values on PC1 and PC2, with positive 0.80 and 0.90 Q2 indices, 

respectively). (B) Loadings barplot related to the combined matrices of endo and 

exometabolome. The variables responsible for metabolomic profile differences are ordered 

according to values of increasing importance from bottom to top. Colours indicate the cluster 

where the median is maximum for each metabolite (blue: Abeta; orange: CTRL). 

 

The variables’ loadings were calculated to identify the metabolites responsible for 

cluster separation. The bar plot, shown in Figure 2.12B, reports the discriminating 

metabolites, classified by their loading values, and the clusters with the highest 

concentration of each metabolite. The data indicated a reduction in the concentrations 

of taurine, riboflavin, carnitine, leucine, and N-acetylAspartate (NAA) in the endo-

metabolome of cells treated with Aβ(1–42); on the contrary, an increase in the pyruvate 

and sarcosine concentrations was observed with respect to control cells. Furthermore, 

the exometabolome of cells incubated with Aβ(1–42) shows lower alanine and 

phenylalanine concentrations than those of untreated cells. The combined analysis also 

showed an influence of Aβ(1–42) in reducing the concentrations of pyroglutamate and 

serine in both cellular compartments. In contrast, tryptophan concentration is reduced 

in exometabolome and increased in endometabolome (Figure 2.12B). 

Pathway analysis of the endometabolome’s quantified metabolites showed an 

impact of Aβ(1–42) on membrane lipid metabolism, specifically in 

Phosphatidylethanolamine biosynthesis and sphingolipid metabolism. Enrichment 

Pathways also points to energetic metabolic dysregulation, mainly linked to the citric 

acid cycle, ketone body metabolism, pyruvate metabolism, glycolysis, and the urea 

cycle. In addition, dysregulation of several amino acid pathways, including glutamate 
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metabolism, glycine and serine metabolism, and methionine metabolism, has been 

reported. (Figure 2.13, Table S2)  

 
Figure 2.13 Enrichment pathways analysis showing the biochemical pathway affected by 

Aβ(1–42) treatment: the discriminative pathways are ranked according to p-value and number 

of hits reported in the bars. 
 

2.4.5 Nicotine reverts AD dysmetabolism, acting on the whole metabolome 

To evaluate the potential of nicotine to modulate dysmetabolism caused by Aβ(1–

42), we treated SH-SY5Y cells with nicotine for 24 hours before exposure to Aβ(1–

42). Metabolite concentrations in the intra- and extracellular compartments, derived 

from quantitative analysis of 1H NMR spectra, were analyzed using multivariate 

statistical analysis (MVA). To examine the impact of nicotine on Aβ(1–42)-induced 

alterations on SH-SY5Y metabolism, we conducted a comparative study of the endo 

and exometabolome profiles of three distinct cell groups: (i) cells treated with nicotine 

and then incubated with Aβ(1–42) (Abeta_Nic); (ii) cells incubated with Aβ(1–42) 

alone (Abeta); and (iii) untreated cells (CTRL). 

 



 

 42 

 
Figure 2.14 (A) sPLS-DA score scatter plots related to the combined matrices of endo and 

exometabolome of SH-SY5Y cells treated with Aβ(1–42) in blue (Abeta) vs. cells pretreated 

with nicotine before being incubated with Aβ(1–42) in orange (Abeta_Nic) vs. control cells in 

grey (CTRL). The cluster analyses are reported in the Cartesian space described by the 

principal components PC1:36% and PC2:22%. sPLS-DA was evaluated using cross-

validation (CV) analysis. CV tests performed according to the sPLS-DA statistical protocol 

show a significant cluster separation (0.60 and 1.0 accuracy values on PC1 and PC2, with 

positive 0.77 and 0.95 Q2 indices, respectively). (B) Alluvial plot reporting metabolites 

discriminating clusters analyzed in sPLS-DA and classified according to loading value. The 

first column reports the discriminating metabolites, the second column is the cellular 

compartment, and the third column is the concentration change. The maximum concentrations 

in the comparison between the three clusters are indicated as “Max”, the intermediate as 

“Medium”, and the minimum as “Min”. The lines connect the metabolite, the cell 

compartment in which it is discriminated, and the column representing quantitative variation. 

Each line is reported in pink if the metabolite has the variation in the clusters of cells incubated 

with Aβ(1–42); in green if the variation is typical of cells pretreated with nicotine before being 

incubated with Aβ(1–42) and in blue if the variation is typical of control cells. 
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The combined omic analysis using sPLS-DA shows a clear separation of the three 

metabolomic profiles. This indicates that the effect of nicotine on cells incubated with 

Aβ(1–42) differs from that in control cells, which represent the healthy cellular 

phenotype (Figure 2.14A). The model’s validity was assessed via cross-validation 

using Q2 (0.77 and 0.95 Q2 indices on PC1 and PC2, respectively) and calculating 

Mahalanobis distance, maximum distance, and centroids (Figure S3). 

The alluvial plot shown in Figure 2.14B reveals that the endometabolome of cells 

pretreated with nicotine in the absence of Aβ(1–42) has high concentrations of 

citilcoline, glutathione, riboflavin, and serine. In contrast, the endometabolome of this 

group of cells includes minimal concentrations of acetoacetate, betaine, 

glycerophoshocholine, isovalerate, and N-acetylaspartate. Furthermore, the 

exometabolome of SH-SY5Y cells incubated with nicotine and Aβ(1–42) shows the 

highest concentrations of fructose, homocysteine, and tryptophan, while low 

concentration of arginine compared to the same cells incubated with Aβ(1–42) in the 

absence of nicotine or compared to the untreated cells. 

Heatmaps (Figures 2.15A, B) based on average concentrations of the cytoplasmic 

and extracellular metabolite concentrations of the three groups of cells under 

investigation show that the metabolomic profile of the cells treated with Aβ(1–42) in 

the presence of nicotine is very similar to that of the control cells. Indeed, the 

exometabolome and endometabolome of neuroblastoma cells treated with nicotine and 

Aβ(1–42) cluster with the control cells’ metabolomic profile. This suggests that 

nicotine induces metabolic changes towards a phenotype more similar to healthy 

controls rather than the pathological AD condition, represented by cells exposed only 

to Aβ(1–42).  
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Figure 2.15 Heatmaps showing changed metabolites in i) SH-SY5Y cells treated with 

Aβ(1–42), ii) SH-SY5Y cells treated with both Aβ(1–42) and nicotine, and iii) untreated SH-

SY5Y cells, for exo- (A) and endometabolome (B). The color of each section corresponds to a 

concentration value of each metabolite calculated by a normalized concentration matrix (red, 

up-regulated; blue, down-regulated). 
 

Figure 2.16 reports the results of the Enrichment pathway analysis performed on 

the data matrix containing the endometabolites relative to the cells i) pretreated with 

nicotine before being incubated with Aβ(1–42) ii) incubated only with Aβ(1–42) to 

evaluate the biochemical pathways regulated by nicotine in the AD cellular model. 

Accordingly, it is evident that there is a dysregulation of betaine metabolism, 

methionine metabolism, homocysteine degradation, and folate metabolism. Moreover, 

alterations in several energy pathways, such as amino sugar metabolism, the citric acid 

cycle, ketone body metabolism, glycolysis, pyruvate metabolism, and the Urea cycle, 

have been shown. Enrichment analysis revealed modulation of amino acid pathways 

most involved in neurotransmission, including glutamate metabolism, glycine and 

serine metabolism, and phenylalanine and tyrosine metabolism. Moreover, the 

Enrichment analysis confirmed effects on pathways of membrane phospholipid and 

sphingolipid biosynthesis and revealed an antioxidant action of nicotine, identifying 

dysregulation of glutathione metabolism (Figure 2.16, Table S2). 
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Figure 2.16 Enrichment pathways analysis: the discriminative pathways are ranked 

according to p-value and number of hits reported in the bars. 

 
 

2.5 Discussion 
 
2.5.1 Nicotine metabolomic impact on SH-SY5Y cells  

Nicotine, the primary alkaloid in Nicotiana tabacum, is considered the main 

psychoactive component of tobacco smoke. However, it is widely accepted that 

nicotine enhances brain function and cognitive performance. Accordingly, some 

research indicates that this effect is partly because of nicotine’s influence on 

mitochondrial activity, although the complete mechanism has not been fully clarified. 
10, 15, 28, 58  

Studies on the metabolomics impact of nicotine on mice’s brains have already been 

published. 20 To deepen the knowledge on the nicotine’s mechanism of action on brain 

function, we decided to perform NMR metabolomic analysis using an in vitro system 

of SH-SY5Y cells. These human neuroblastoma cells are frequently used in 

neuroscience research and are among the most widely used cell lines for studying 

nicotine-related mechanisms, primarily because they express nicotinic acetylcholine 

receptors (nAChRs) on their cell membrane. 47, 59-62  

Our analysis emphasises the significant impact of nicotine on altering lipid 

metabolism and cell membrane structure. Specifically, treating SH-SY5Y cells with 
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nicotine increases intracellular PC levels (Figure 2.6B). Consequently, the metabolic 

pathways most affected by nicotine are phospholipid biosynthesis, sphingolipids 

biosynthesis, and phosphatidylcholine biosynthesis (Figure 2.7, Table S1).  

Given the predominant role of phosphatidylcholine in animal cell membranes, its 

precursor, PC, represents a robust biomarker of phospholipid synthesis - a process 

essential for neural membrane assembly and dendritic extension during brain 

development. Consistent with this role, previous studies employing 31P NMR 

spectroscopy have demonstrated a pronounced increase in PC levels throughout 

neuronal maturation, indicative of enhanced membrane biogenesis and remodeling. 

These dynamic processes are fundamental for the establishment of synaptic 

connectivity and the initiation of neuronal electrical activity. 63 This interpretation is 

further supported by recent findings showing that increased availability of 

phospholipid precursors promotes neuronal membrane expansion and synaptogenesis. 
64 The ability of nicotine to modulate phospholipid metabolism aligns with recent 

lipidomic studies demonstrating its neuroprotective effects. For instance, in SH-SY5Y 

cells exposed to 6-hydroxydopamine (6-OHDA) to model Parkinson’s disease, 

nicotine was shown to normalize lipid metabolism via α7 nAChR-mediated signaling 

and anti-inflammatory pathways. These findings underscore nicotine’s capacity to 

reprogram lipid metabolism under neurodegenerative conditions. 65 Moreover, our 

observations are consistent with previous in vivo studies examining the metabolomic 

profile of mouse brain tissues in response to nicotine exposure. 20, 66 The effect of 

nicotine on membranes is supported by proteomics data, indicating that nicotine 

predominantly influences proteins that play crucial roles in membrane function, such 

as receptors and proteins involved in transmembrane signaling. 67 Despite future 

validation being needed to confirm this hypothesis, collectively, these data support the 

notion that upregulation of phospholipid synthesis - facilitating membrane remodeling 

- is likely to enhance synaptic connectivity and neural plasticity, mechanisms that may 

underlie the cognitive-enhancing effects attributed to nicotine.  

In accordance with data previously collected in preclinical studies, 20 the treatment 

of SH-SY5Y cells with nicotine affects several biochemical pathways related to amino 

acid metabolism, specifically those involving methionine, arginine, proline, glycine, 

serine, glutamate, and alanine (Figures 2.6B, 2.7). The effect of nicotine on amino 

acid metabolism was already described in preclinical studies. However, the 
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interpretation of this effect is challenging, 20 and several hypotheses have been 

proposed regarding whether alterations in amino acid concentration are related to 

changes in energetic metabolism and/or synaptic neurotransmission. Notably, the 

observed increases in glycine and sarcosine following nicotine administration may 

reflect neuroprotective mechanisms (Figures 2.4B, 2.6B). Indeed, glycine modulates 

excitatory neurotransmission by potentiating glutamate action at N-methyl-D-

aspartate (NMDA) receptors. 68 Specifically, glycine serves as a co-agonist of NMDA 

receptors, meaning its binding is essential for full receptor activation. 69 Furthermore, 

sarcosine increases synaptic glycine levels and enhances NMDA receptor function - 

critical for learning, memory, and synaptic plasticity. 70, 71 Moreover, sarcosine has 

demonstrated neuroprotective potential by reducing glutamate-induced toxicity in SH-

SY5Y cells, suggesting protective effects in models of excitotoxic damage. 72 

Several pieces of evidence have demonstrated nicotine’s ability to influence 

mitochondrial activity. 15 It has been proposed that nicotine may exert its effects by 

binding to nicotinic acetylcholine receptors (nAChRs) located on the outer 

mitochondrial membrane (OMM), whose presence has been identified on isolated 

mitochondria from mouse liver. These receptors may serve as binding sites for nicotine 

and contribute to the modulation of mitochondrial signaling and function. 73 

Independently of the precise site of action, our findings confirm that nicotine 

treatment modulates multiple biochemical pathways associated with mitochondrial 

function. 

Among these, the most significantly affected are oxidation of branched-chain fatty 

acids, citric acid metabolism, mitochondrial electron transport chain stand out as the 

most significantly affected pathways (Figure 2.7, Table S1). Moreover, nicotine 

administration was associated with a reduction in intracellular succinate levels (Figure 
2.6B). Previous studies in rodents have demonstrated that both acute and chronic 

nicotine exposure elicit marked hyperactivities of mitochondrial dehydrogenases, 

specifically malate dehydrogenase (MDH) and succinate dehydrogenase (SDH), 

within the brain. 74 The observed decrease in intracellular succinate in human cells 

may therefore reflect a comparable nicotine-induced enhancement of SDH activity. 

Being the biological space where ATP is produced through oxidative 

phosphorylation (OXPHOS), mitochondria are organelles with a pivotal role in human 

cells, often referred to as the cell’s powerhouses. Studies conducted by Cormier et al. 
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on mitochondria isolated from rat forebrain revealed that nicotine binds to complex I 

and inhibits its NADH-ubiquinone reductase activity, as demonstrated by in vitro 

oxygen consumption binding assays. This interaction impairs the electron flow from 

NADH to complex I, resulting in reduced mitochondrial oxygen consumption. 75 

Additionally, Wang et al. reported that in the rat brain, chronic nicotine administration 

modulates the expression of several genes encoding subunits of protein complexes 

involved in the mitochondrial respiratory chain. 76 Our findings confirm that nicotine 

can also modulate the electron transport chain in human neuronal-like cells, supporting 

the notion that mitochondria are a key target of nicotine’s action. However, further 

investigation is required to clarify the underlying mechanisms of nicotine’s effects on 

human mitochondrial function. 

Additional evidence for nicotine’s action at the mitochondrial level is provided by 

the observed increase in N-acetylaspartate (NAA) concentration (Figure 2.6B). NAA 

is widely regarded as a biomarker of neuronal integrity, with reduced levels typically 

reflecting neuronal loss or impaired neuronal function. 77 In our study, NAA was found 

to increase in response to nicotine treatment, a change that may indicate improved 

neuronal viability and mitochondrial activity. Consistent with this observation, 

elevated NAA concentrations have been reported in the brains of smokers, suggesting 

that nicotine exposure may contribute, at least in part, to this effect. 78 

Collectively, these findings indicate that nicotine modulates key mitochondrial 

processes related to energy metabolism and cellular function in neuronal-like cells, 

consistent with observations from both in vivo animal models and human studies. 

Interestingly, our results about nicotine effect on mitochondria are consistent with 

previous analyses using other omics approaches: Navarrete-Perea et al. found that 

proteome changes in SH-SY5Y cells exposed to nicotine mainly involve 

mitochondria.67 

While our findings provide valuable insights into the effects of nicotine on neuron-

like cells, several limitations must be acknowledged. SH-SY5Y cells, derived from 

human neuroblastoma, exhibit an immature neuronal phenotype, which may not fully 

recapitulate the responses of mature neurons in vivo. 79 Additionally, their use in 

monoculture fails to capture the complex interactions with glial cells, which are critical 

for neuronal function and homeostasis. 80 Moreover, this study was conducted under 
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non-pathological conditions, limiting its applicability to disease models where 

neuronal metabolism is altered.  

Despite these limitations, SH-SY5Y cells remain a useful tool for early-stage 

mechanistic studies. Future studies should aim to validate these findings in more 

physiologically relevant systems, including differentiated neurons, co-culture models, 

or in vivo approaches, particularly in the context of neurodegenerative diseases, such 

as AD and PD. 

 
2.5.2 A proposed mechanism for the nicotine protective role in AD 

Recently, a renewed interest emerged in the investigation of nicotine as a compound 

endowed with biological activity in controlling AD symptoms. In particular, nicotine 

appears to control neuroinflammation and apoptosis, and to reduce the misfolding of 

amyloid proteins. 14, 29, 37, 40, 41, 81, 82  

SH-SY5Y cells are recognized as a functional cellular model for studying 

neurogenerative diseases such as AD and PD. 83, 84 This cell line has proven to be a 

valuable model for studying the metabolic changes associated with AD when treated 

with the amyloid peptide Aβ(1–42). 50, 51 

To extend the results obtained in SH-SY5Y cells exposed only to nicotine 

(presented in the previous paragraph) and to gain insights into the hitherto unknown 

role of nicotine in protecting from the neurotoxic action of Aβ(1–42) amyloid peptide, 

we performed an NMR-based metabolomics investigation of SH-SY5Y 

neuroblastoma cells exposed to nicotine before being treated with Aβ(1–42). 

Previous metabolomic analyses of SH-SY5Y cells treated with Aβ(1–42) 

demonstrated that this model mimics AD-related alterations observed in patient 

biofluids, including increased oxidative stress and inflammation, along with 

detrimental effects on neurotransmission and lipid metabolism. 51, 85 This effect is 

particularly evident in altered phosphatidylcholine and lipo-phosphatidylcholine 

concentrations and coincides with data also derived from CSF and plasma analysis of 

AD patients. 50 

Our NMR-based metabolomic investigation employed for the first time a combined 

endo- and exometabolomic approach focused on SH-SY5Y cells treated with Aβ(1–

42). In agreement with evidence from previous experiments on AD cellular models 

and AD patient biofluids, our observations indicated abnormally low NAA levels 
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compatible with altered glutamatergic neurotransmission. 51, 86, 87 Changes in NAA 

could affect glutamate neurotransmission, as NAA may function as a neurotransmitter 

by modulating metabotropic glutamate receptors. 88 Furthermore, we observed that 

Aβ(1–42) induces increased sarcosine and decreased serine and pyroglutamate 

concentrations in both extracellular and intracellular compartments. In contrast, 

tryptophan concentration is up-regulated in the cells and down-regulated in the 

extracellular environment (Figure 2.12B). Enrichment analysis indicated in 

correspondence with these metabolic signatures an alteration in glycine and serine 

metabolism, an imbalance of sphingolipid and phospholipid metabolism, and most 

energetic pathways, such as the ketone body and pyruvate metabolism, citric acid, and 

urea cycle (Figure 2.13). 89-91 

The benefits of nicotine in reducing Aβ(1–42) toxicity. As previously reported, a 

great deal of data has proved the benefits of nicotine in reducing Aβ(1–42) toxicity. 

Interestingly, in line with these data, our pharmacometabolomic study indicates a 

rebalance in the metabolic state of SH-SY5Y cells pretreated with nicotine before 

incubation with Aβ(1–42) toward the metabolic state of healthy control cells (Figures 
2.15A, B). A careful analysis of our data to understand how nicotine may impact 

different sides of cellular metabolism suggests significant effects of the alkaloid on (i) 

amino acid metabolism, particularly those involved with neurotransmission, (ii) 

energy metabolism (iii) membrane phospholipid metabolism. 

Nicotine treatment affects amino acid metabolism, particularly those involved in 

neurotransmission. Nicotine is effective in i) reducing glutamate concentration in the 

extracellular and intracellular compartments. Upregulation of excitotoxic glutamate 

transmission is a typical signature of neurodegenerative disease. 92, 93 We demonstrated 

that the neuroprotective action of nicotine can be exerted through the down-regulation 

of glutamate pathways (Figures 2.15A,B, 16). ii) increasing Serine concentration. 

Dietary supplementation with L-serine has been shown to restore synaptic plasticity 

and memory deficits, suggesting it is a potential therapy for AD. 94 On the other hand  

L-serine deficiency and deficiency of its downstream products is associated with 

severe neurological deficits (Figure 2.14B). 95 iii) Increasing Arginine excretion, 

consistent with a rebalancing of the urea cycle, which is altered in AD patients  

(Figures 2.14B, 2.16). 91 iv) reducing intracellular aromatic amino acids - 

phenylalanine and tryptophan - thus reverting an AD pathology signature, consisting 
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of abnormally high concentrations of aromatic amino acids in the brain 96 (Figures 

2.15B, 2.16). 

Nicotine treatment affects energetic metabolism. Nicotine in SH-SY5Y cells treated 

with Aβ(1–42) induces reduced levels of acetoacetate, increased concentrations of 3-

hydroxybutyrate, and rebalance of pyruvate metabolism and TCA (Figures 2.14B, 

2.15B, 2.16). High pyruvate concentrations observed in Aβ(1–42)-treated cells are 

consistent with a downregulation of TCA and hypoglycemia condition (Figures 
2.10B, 2.12B, 2.13), as observed in the brains of AD patients. 89, 90 Accordingly, the 

intracellular concentration of glucose was shown to be reduced by Aβ(1–42) treatment 

(Figure 2.11B). This hypoglycaemic state is reversed in the presence of nicotine, as 

shown by increased conversion of acetoacetate to 3-hydroxybutyrate. Thus, nicotine 

may protect cells from hypoglycemia by favoring the use of ketone bodies as an 

alternative fuel source (Figure 2.16). 97 

Elevated homocysteine levels have been recognized as a contributing factor to the 

development of cognitive decline, dementia, and AD in elderly individuals since they 

induce mitochondrial dysfunction. 98, 99 Nicotine pretreatment reduces intracellular 

homocysteine and betaine concentrations and increases glutathione levels (Figures 

2.14B, 2.15B). Indeed, a decrease in betaine induces upregulation of glutathione 

production, which modulates homocysteine concentrations. 100, 101 Therefore, nicotine 

affects the folate pathway, betaine metabolism, homocysteine degradation, and 

glutathione metabolism (Figure 2.16); all these effects are compatible with a final 

antioxidant effect of nicotine.  

Furthermore, nicotine restores riboflavin physiological concentrations (Figure 
2.16). Because of riboflavin deficiency found in AD patients, therapies based on flavin 

mononucleotide (FMN) supplementation have an effect in containing AD symptoms. 
102 Our results confirm the low riboflavin concentrations in the Aβ(1–42) pretreated 

cell model and show the efficacy of nicotine in rebalancing FMN physiological 

concentrations (Figures 2.12B, 2.14B). 

Nicotine treatment affects membrane phospholipid metabolism. Nicotine pre-

treatment significantly up-regulates phosphoethanolamine biosynthesis while 

decreasing glycerophosphocholine, a degradative product of phosphatidylcholine 

(Figures 2.14B, 2.16). 103, 104 Moreover, nicotine treatment increases citicoline 

concentration (Figure 2.14B), an essential intermediate in the biosynthetic pathway of 
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phosphatidylcholine in cell membranes. 105 Several studies have reported a 

dysregulation of phospholipid metabolism in AD, particularly a reduction of 

phosphatidylcholine and phosphoethanolamine production. 106, 107 We demonstrate 

that nicotine restores phospholipid metabolism, which is significantly impaired in AD. 

(Figure 2.16)  

 
2.6 Conclusions 
In conclusion, our results demonstrate that nicotine significantly alters the 

metabolic profile of SH-SY5Y neuron-like cells, primarily through two distinct 

mechanisms, as illustrated in Figure 2.17: 

i) Regulation of membrane dynamics and plasticity. Nicotine treatment leads to 

elevated levels of intracellular phosphorylcholine (PC), accompanied by 

significant modulation of phospholipid biosynthesis, sphingolipid metabolism, and 

phosphatidylcholine biosynthesis. These alterations suggest enhanced membrane 

remodeling and synaptic plasticity, which may contribute to nicotine’s cognitive-

enhancing effects. 

ii) Modulation of mitochondrial bioenergetics and homeostasis. Nicotine exposure 

affects several biochemical pathways related to mitochondrial function, including 

branched-chain fatty acid oxidation, citric acid cycle activity, and the 

mitochondrial electron transport chain. Consistent with these changes, we 

observed an increase in intracellular NAA levels - a metabolite widely recognized 

as a marker of mitochondrial activity and neuronal viability. These findings 

reinforce previous evidence and highlight mitochondria as a central target of 

nicotine’s cellular mechanism of action. 

The identification of specific metabolic pathways affected by nicotine opens 

potential avenues for therapeutic intervention in neurodegenerative disorders or 

cognitive impairments, where mitochondrial dysfunction and altered membrane 

dynamics are commonly implicated. 
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Figure 2.17 Schematic representation of nicotine-induced effects on SH-SY5Y neuron-like 

cells, illustrating key metabolic and functional changes. Figure created using BioRender, 

https://www.biorender.com/. 
 

Regarding the pathological cellular model, as shown in Figure 2.18, nicotine pre-

treatment of SH-SY5Y cells exposed to Aβ(1–42) peptide induces i) glutamate 

reduction where excessive glutamate can lead to excitotoxicity, neuronal damage, and 

disease progression; ii) serine increasing, where low serine levels are linked to 

neurological disorders, cognitive decline or mood disorders; iii) improvement of 

mitochondrial function, counteracting hyperhomocysteinemia associated with 

neurodegeneration and fighting hypoglycemia with the ketone body consumption 

shift; iv) rebalance in membrane phospholipid metabolism, restoring the synthesis of 

phospho- and sphingolipids necessary for membrane integrity.  

 

https://www.biorender.com/
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Figure 2.18 Overview of the metabolic effects of nicotine on Alzheimer’s disease. Up-

regulated metabolites in Aβ(1–42)-nicotine cells are indicated in red; downregulated ones in 

blue; dysregulated pathways are labelled in green. Figure created using BioRender, 

https://www.biorender.com/. 
 

2.7 Materials and Methods 
2.7.1 Chemicals  

Dulbecco’s Modified Eagle’s Medium (DMEM), L-glutamine, penicillin and 

streptomycin, fetal bovine serum (FBS), CCK-8, and (-)-nicotine (≥99%) were 

purchased from Sigma-Aldrich (St. Louis, MI, USA). Aβ(1–42) was obtained after 

transformation of E. coli BL21(DE3)-pLysS cells with PetSac plasmid, provided by 

the research group of Walsh, as previously reported. 108  

https://www.biorender.com/
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2.7.2 Cell Culture  

The human neuroblastoma line SH-SY5Y was purchased from American Type 

Culture Collection (ATCC, Rockville, MD, USA). Cells were cultured in Dulbecco’s 

Modified Eagle Medium (DMEM, 4500 mg/mL glucose) supplemented with 10% 

(v/v) FBS, 2 mM L-glutamine, 100 U/mL penicillin, and 0.1 mg/mL streptomycin. 

Cells were maintained in a humidified incubator at 37 °C with 5% CO2 and 

passaged every 2 days. 

 

2.7.3 Cell Viability Assay 

Cell viability was established by measuring mitochondrial metabolic activity with 

Cell Counting Kit-8 (CCK-8 Cat. CK04, Dojindo Laboratories, Rockville, MD, USA). 

This assay evaluates the viability of cells considering the ability of dehydrogenases’ 

cells to reduce the tetrazolium salt WST-8 (2-(2-methoxy-4-nitrophenyl)-3-(4-

nitrophenyl)-5-(2,4-disulfophenyl)-2H-tetrazolium, monosodic salt) in an orange-

colored formazan dye, which is soluble in the tissue culture medium. The quantity of 

formazan dye generated by intracellular dehydrogenase activity is directly 

proportional to the number of living cells. 

Briefly, to evaluate nicotine EC50, SH-SY5Y cells (8 × 103 per well) were seeded 

into 96-well plates and incubated for 24 hours. Next, nicotine (0.10 – 10 mM) was 

added and incubated for a further 24 hours.  

To evaluate nicotine’s ability to protect SH-SY5Y cells from Aβ(1–42) toxicity, 8 

× 103 cells/well were plated in 96-well plates for 24 h, then nicotine at 1 mM or 100 

μM was added for 24 h. Next, Aβ(1–42) peptide 25 μM was added for 48 h.  

At the end of each treatment, the CCK-8 reagent was diluted in cell medium (10%) 

and incubated for 1 hour. Absorbance was measured at 450 nm with a microplate 

reader (Multiskan Go, Thermo Scientific, Waltham, MA, USA). Cell viability was 

expressed as a percentage relative to untreated cells cultured in medium only with 

vehicle, which was set to 100%, whereas 10% DMSO was used as a positive control 

and set to 0% viability. Data are presented as mean ± standard deviation (SD) from 

three independent experiments, performed in triplicate. Statistical analysis was 

performed using one-way ANOVA followed by Dunnett’s multiple-comparison test 

in GraphPad Prism version 8.0 (GraphPad Software, San Diego, CA, USA). Statistical 
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significance was set at p < 0.05. EC50 was calculated using GraphPad Prism 8.0 

software by nonlinear regression of dose-response inhibition. 

 

2.7.4 1H NMR Metabolomics  

2.7.4.1 Exposure of SH-SY5Y cells to nicotine and Aβ(1–42) 

To prepare metabolomic samples, cells were plated in 60 mm culture dishes and 

allowed to adhere overnight. Then, 100 µM nicotine was added for 24 hours. For the 

control group, cells were treated only with the vehicle for the same duration.  

For the nicotine - Aβ(1–42) co-administration, cells were pretreated with nicotine 

(100 μM), and after 24 h Aβ(1–42) was added for an additional 48 hours at a sub-toxic 

concentration (5 μM). Cells exposed only to Aβ(1–42) peptide at the same 

concentration and incubation time were used for the comparison. For the control group, 

cells were treated only with the vehicle. 

 

2.7.4.2 Sample collection and intracellular metabolites extraction  

After treatments, both culture media and cell pellet were collected for the 

metabolomics analysis targeting the exometabolome and endometabolome, 

respectively. Specifically, the medium was transferred to microcentrifuge tubes and 

centrifuged at 1000× g for 10 min. The same procedure was applied to cell-free 

medium incubated under identical conditions. The resulting supernatants were 

transferred to fresh microcentrifuge tubes and stored at −80 °C until NMR analysis. 

After media removal, cell dishes were washed with cold PBS (pH 7.4) to remove media 

residues and cells were collected by scraping in methanol. To extract intracellular 

metabolites from cell pellet, homogenization was followed by biphasic extraction 

method using methanol, chloroform, and water in a 1:1:1 ratio.  109  Samples were 

centrifuged at 6000 rpm for 10 min at 4 °C to separate the polar and apolar phases. 

Polar extracts from cell pellet were dried under vacuum with a SP-Genevac EZ-2 4.0 

concentrator while lipophilic extracts were dried with nitrogen flow for later analysis. 

All extracts were stored at −80 °C before NMR testing. 

 

2.7.4.3 NMR Sample Preparation 

Lyophilized cell extracts were reconstituted in 200 μL of buffer (50 mM Na2HPO4, 

1 mM trimethylsilyl propionic-2,2,3,3-d4 acid sodium salt (TSP-d4), 10% of D2O). 
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TSP-d4 was used as an internal standard for the alignment and quantification of NMR 

signals. For growth media analysis, 100 μL of cell medium was mixed with 100 μL of 

the same buffer used for the lyophilized extracts. The resulting samples were 

transferred into 3 mm NMR tubes for 1H NMR acquisition. 

 

2.7.4.4 NMR Data Acquisition and Processing  

1D 1H NMR spectra were recorded on a Bruker AscendTM 600 MHz spectrometer 

equipped with a 5 mm triple resonance Z gradient TXI probe (Bruker Co, Rheinstetten, 

Germany) at 298 K. One-dimensional NOESY NMR spectra were recorded with 20 k 

points, 12 ppm spectral width, 1.36s acquisition time, 5 s relaxation delay, 10 ms of 

mixing time and 128 scans. 54 Topspin version 3.0 (Bruker Biospin) was used for 

spectrometer control and data processing. Spectra analysis followed an untargeted 

metabolomic approach, with each metabolite identified prior to statistical testing using 

Chenomx NMR-Suite v10.1 (Chenomx NMR suite, v10.1, Edmonton, AB, Canada). 

Quantitative analysis of the 1D-NMR spectra was performed with NMRProcFlow ver 

1.4.10. 55 In more details, the FID 1D NMR spectra have been uploaded to the 

software, and before integration, several processing steps were carried out. First, ppm 

calibration was performed to align chemical shifts using the internal reference TSP-

d4, set at 0.00 ppm. Next, baseline correction was applied to the NMR spectra, using 

global correction in soft mode and considering the noisy ppm range of 10.5-10.2 ppm. 

Lastly, where necessary, spectra alignment was performed using the Least Squares 

algorithm, with a maximum relative shift of 0.1 ppm. After processing, metabolites 

were quantified by selecting ppm ranges for each metabolite peak in less crowded 

regions of the spectrum to avoid contamination from nearby peaks. All data required 

for quantification were exported to a spreadsheet using the “qHNMR” template. This 

template organises information across five tabs: the sample table, the bucket table, the 

data table (which reports integration values without correction parameters), the signal-

to-noise ratio matrix, and the quantification table, which shows corrected integration 

values for each bucket (columns) and spectrum (rows). This last table includes 

essential data for accurate quantification, such as sample volume (mL), sample mass 

(mg), the number of protons corresponding to each metabolite peak, and the 

metabolites’ molecular weights. The resulting quantification data matrix produced by 

NMRProcFlow was used for statistical analysis. 
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2.7.4.5 Statistical analysis  

The resulting quantification matrix was normalised to the sum of quantified 

metabolites, log-transformed, Pareto-scaled, and analysed using the open-source tool 

Metaboanalyst 6.0 and the MixOmics R package. 110, 111 This normalisation method 

was chosen because, with an equal number of cells across the experimental groups, 

differences in signal intensity are assumed to reflect biological variability rather than 

sample quantity. Furthermore, because the number of variables was significantly 

higher than the number of samples, especially after combining the endo- and 

exometabolome matrices, probabilistic quotient normalisation could not be applied. 

Pareto scaling was also applied to reduce the relative influence of high values while 

preserving the data structure. Moreover, the quantification matrix was logarithmically 

transformed to reduce data skewness and variability caused by outliers. 112 Univariate 

analysis was performed separately on the exometabolome and endometabolome of the 

groups, using a T-Test and Fold Change, and the results were displayed in a Volcano 

plot. 113 

To enhance data accuracy and gain biological insights, multivariate statistical 

analysis (MVA) was first applied to the exometabolome and endometabolome 

concentration matrices, followed by analysis of the combined data sets.  

To analyze the combined endo- and exometabolome, we employed the mixOmics 

R package using a P-integration approach. This method integrates multiple datasets 

measured on the same type of variables - metabolites in our case - and enhances 

statistical power by accounting for batch effects prior to applying standard multivariate 

techniques such as supervised Sparse Partial Least Squares (or Projection to Latent 

Space-sPLS). To further improve the accuracy of the combined analysis and reduce 

variability between matrices, batch effects were additionally corrected using the limma 

R package. 114 

MVA was conducted on combined matrices of endo- and exo-metabolites using the 

sPLS. 115 This method is a linear and multivariate visualisation technique for integrable 

datasets that addresses limitations of Principal Component Analysis and Canonical 

correspondence analysis (CCA). 116 In this integrated approach, sPLS analysis is 

effective when the total number of variables in the combined matrices exceeds the 

number of samples analysed, as demonstrated in this study. The sPLS was conducted 

with an LASSO penalty on the loading vectors to reduce the number of original 
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variables used to construct the latent variables. 117 A sample plot illustrates the 

clustering of samples’ metabolomic profiles. In the graph, each sample appears as a 

point located based on its projection onto the selected latent components of the data. 

Leave-one-out cross-validation is conducted to validate the model, using R2, Q2, and 

accuracy metrics. 118 Furthermore, sPLS models were additionally validated using 

distance matrices derived from the centroid method, maximum distance, and 

Mahalanobis distance. 119 

Variable correlations are displayed using a circular correlation plot, where all 

vectors are plotted inside a unit circle with a radius of 1. Each vector’s position reflects 

its correlation with the components; stronger associations produce vectors that extend 

further from the center. Additionally, variables with vectors close to each other are 

highly correlated. 110 The contribution of each variable is shown in a bar graph. The 

contribution graph based on loadings for variable separation has been color-coded to 

show the maximum value between two, indicating the clusters where the metabolite 

has the highest concentration. To comprehensively depict the quantitative changes in 

metabolites, we created heatmaps using normalised data, average group 

concentrations, and Euclidean distance. 120 The enrichment pathway tool was used to 

conduct pathway analysis with Metaboanalyst 6.0. KEGG pathways were selected 

based on lower false discovery rates (FDR), with p-values less than 0.05, and a hit 

value (the number of metabolites in the pathway) greater than 1. 121 
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Appendix 

 

 
Figure S1. Sample prediction area plot created using Maximum distance, Centroid and 

Mahalanobis showing the distribution of samples in validation areas related to Nicotine-24H 

vs. CTRL (a,b,c). 

 
Table S1. Pathway Enrichment analysis discriminates between the analysed clusters. The 

number of hits corresponds to the number of metabolites detected in the spectrum that 

participate in the biochemical pathways and are explicit in the column “metabolites”. Raw p 

represents the significance validation index reporting the p-value; Holm Bonferroni 

represents the adjustment of the p-value for the number of analysed samples (Holm p.); the 

FDR index calculates the number of False Discovery Rates. Biochemical pathways with hits>2 

and Raw.p, Holm p, FDR <0.05 were considered significant. 
 

Pathways Nic 
vs. Ctrl 

Hits  Raw p Holm p FDR 
  

Metabolites 

Phospholipid 
Biosynthesis 

3 1,31E-11 1,12E-09 1,12E-09 Phosphorylcholine; Choline; 
Citilcoline 

Sphingolipid 
Metabolism 

5 3,26E-10 2,77E-08 1,36E-08 Uridine diphosphate glucose; 
Phosphorylcholine; Serine; Glucose; 
ATP 

Phosphatidylch
oline 

Biosynthesis 

3 4,75E-10 3,99E-08 1,36E-08 Phosphorylcholine; Choline; ATP 

Oxidation of 
Branched Chain 

Fatty Acids 

3 1,83E-05 0.0014267 0.00017477 Succinic acid; Adenosine 
triphosphate; Carnitine 

Citric Acid 
Cycle 

3 6,47E-05 0.0049849 0.00050665 Pyruvic acid; Succinic 
acid; Adenosine triphosphate 

Glycine and 
Serine 

Metabolism 

12 6,48E-05 0.0049849 0.00050665 2-Ketobutyric acid; Betaine; Glycine; 
Glutamic acid; L-Threonine; Serine; 
Pyruvic acid; Sarcosine; L-Arginine; 
Adenosine triphosphate; Methionine; 
Homocysteine 
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Mitochondrial 
Electron 

Transport Chain 

2 8,79E-05 0.0007028
2 

9,44E-01 Succinic acid; Adenosine 
triphosphate 

Butyrate 
Metabolism 

3 3,58E-04 0.026458 0.0023652 Acetoacetic acid; Succinic 
acid; Adenosine triphosphate 

Ketone Body 
Metabolism 

3 5,68E-04 0.041449 0.0034879 3-Hydroxybutyric acid; Acetoacetic 
acid; Succinic acid 

Methionine 
Metabolism 

9 7,64E-04 6,34E-03 1,64E-02 2-Ketobutyric acid; Betaine; Glycine; 
Serine; Sarcosine; ATP; Methionine; 
Homocysteine; Choline 

Glutamate 
Metabolism 

8 8,34E-04 0.060073 0.0047836 Glutathione; Glutamic acid; Glycine; 
L-Aspartic acid; Pyruvic acid; 
Succinic acid; Adenosine 
triphosphate; Glutamine 

Alanine 
Metabolism 

4 4,61E-03 0.32736 0.024016 Glycine; Glutamic acid Pyruvic acid; 
Adenosine triphosphate 

Carnitine 
Synthesis 

4 4,69E-03 3,85E-01 8,07E-02  L- Carnitine;  
Glycine; Lysine; Succinic acid 

Arginine and 
Proline 

Metabolism 

7 4,52E-02 0.0003662 6,48E-01 Glutamic acid; Proline; L-Aspartic 
acid; Succinic acid; L-Arginine; 
Adenosine triphosphate; Glycine 

 

 
Figure S2. Aβ(1–42) effect on SH-SY5Y cells viability after 48h, examined by the CCK-8 

assay. The viability variations were calculated as the percentage of viable cells in treated 

cultures compared to untreated ones (CTRL). Results are shown as mean ± standard deviation 

(SD) from three independent experiments.  ***, **** denote respectively p < 0.001 and p < 

0.0001 vs. CTRL. 
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Figure S3. Sample prediction area plot created using Maximum distance, Centroid and 

Mahalanobis showing the distribution of samples in validation areas related to Aβ vs. CTRL 

(a,b,c) and Aβ+Nicotine vs. CTRL vs. Aβ (e,f,g). 

 
Table S2. Pathway Enrichment analysis discriminates between the analysed clusters. The 

number of hits corresponds to the number of metabolites detected in the spectrum that 

participate in the biochemical pathways and are explicit in the column “metabolites”. Raw p 

represents the significance validation index reporting the p-value; Holm Bonferroni 

represents the adjustment of the p-value for the number of analysed samples (Holm p.); the 

FDR index calculates the number of False Discovery Rates. Biochemical pathways with hits>2 

and Raw.p, Holm p, FDR <0.05 were considered significant. 
 

Pathways Aβ vs. 
CTRL 

Hits Raw p Holm p FDR Metabolites 

Phosphatidylethanol
amine Biosynthesis 

3 4,58E-06 3,94E-04 3,94E-04 Choline; Serine; ATP 

Citric Acid Cycle 3 1,23E-05 9,90E-03 1,32E-03 Pyruvic acid; Succinic 
acid; Adenosine triphosphate 

Glutamate 
Metabolism 

8 1,36E-05 1,16E-03 5,85E-04 Glycine; Glutathione; Glutamic 
acid; L-Aspartic acid; Pyruvic acid; 
Succinic acid; Adenosine 
triphosphate; Glutamine 

Ketone Body 
Metabolism 

3 2,78E-05 2,33E-03 6,36E-05 3-Hydroxybutyric acid; Acetoacetic 
acid; Succinic acid 

Glycine and Serine 
Metabolism 

12 2,96E-05 2,45E-03 6,36E-05 3-Hydroxybutyric acid; Acetoacetic 
acid; Succinic acid 

Warburg Effect 7 6,06E-05 4,97E-03 1,04E-03 2-Ketobutyric acid; Betaine; 
Glycine; Glutamic acid; L-
Threonine; Serine; Pyruvic acid; 
Sarcosine; L-Arginine; Adenosine 
triphosphate; Methionine; 
Homocysteine 

Mitochondrial 
Electron Transport 

Chain 

2 1,22E-04 9,90E-03 1,32E-03 Succinic acid; Adenosine 
triphosphate 

Phytanic Acid 
Peroxisomal 
Oxidation 

2 1,22E-04 9,90E-03 1,32E-03 Succinic acid; Adenosine 
triphosphate 

Butyrate 
Metabolism 

3 1,10E-03 8,56E-02 1,05E-02 Acetoacetic acid; Succinic 
acid; Adenosine triphosphate 
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Methionine 
Metabolism 

9 1,64E-03 1,26E-01 1,41E-02 2-Ketobutyric acid; Betaine; 
Choline; Glycine; Serine; 
Sarcosine; Adenosine triphosphate; 
Methionine; Homocysteine 

Sphingolipid 
Metabolism 

4 2,03E-03 1,54E-01 1,59E-02  D-Glucose; Serine; Uridine 
diphosphate glucose; Adenosine 
triphosphate 

Carnitine Synthesis 4 2,48E-03 1,86E-02 1,78E-02 L-Carnitine; Glycine; Lysine; 
Succinic acid 

Ammonia 
Recycling 

8 3,08E-03 2,28E-02 2,04E-02 Glycine; Glutamic acid; 
Histidine; Serine; L-Aspartic acid; 
Pyruvic acid; Adenosine 
triphosphate; Glutamine 

Oxidation of 
Branched Chain 

Fatty Acids 

3 3,98E-03 2,91E-02 2,45E-02  L-Carnitine; Succinic acid; 
Adenosine triphosphate 

Glucose-Alanine 
Cycle 

3 7,58E-03 5,46E-02 4,35E-02 D-Glucose; Glutamic acid; Pyruvic 
acid 

Cysteine 
Metabolism 

3 8,51E-03 6,04E-03 4,58E-02 D-Glucose; Glutamic acid; Pyruvic 
acid 

Alanine Metabolism 4 1,07E-02 7,49E-03 5,39E-02 Glycine; Glutamic acid; Pyruvic 
acid; Adenosine triphosphate 

Pyruvaldehyde 
Degradation 

2 1,13E-02 7,79E-03 5,39E-02 Glutathione; Pyruvic acid 

Pyruvate 
Metabolism 

5 1,61E-02 0.00010966 7,30E-02  Acetic acid; Glutathione; Lactic 
acid; Pyruvic acid; Adenosine 
triphosphate 

Glycolysis 3 1,90E-02 0.00012722 7,78E-02 D-Glucose; Pyruvic acid; 
Adenosine triphosphate 

Transfer of Acetyl 
Groups into 

Mitochondria 

3 1,90E-02 0.00012722 7,78E-02 D-Glucose; Pyruvic 
acid; Adenosine triphosphate 

Urea Cycle 6 2,34E-02 0.0001519 8,83E-02  Glutamic acid; L-Aspartic acid; 
Pyruvic acid; L-
Arginine; Adenosine triphosphate; 
Glutamine 

Gluconeogenesis 4 2,36E-02 0.0001519 8,83E-02  D-Glucose; Lactic acid; Pyruvic 
acid; Adenosine triphosphate 

 
Pathways 

Aβ+Nicotine vs. 
Aβ 

Hits Raw p Holm p FDR Metabolites 

Amino Sugar 
Metabolism 

7 3,07E-14 2,64E-12 1,44E-12 Acetic acid; Glutamic acid; Pyruvic 
acid; Pyrophosphate; Adenosine 
triphosphate; Glutamine; D-
Fructose 

Glutamate 
Metabolism 

8 3,62E-14 3,08E-12 1,44E-12  Glycine; Glutathione; Glutamic 
acid; Pyruvic acid; Succinic acid; 
Phosphoribosyl pyrophosphate; 
Adenosine triphosphate; Glutamine 

Warburg Effect 7 5,04E-14 4,23E-12 1,44E-12  D-Glucose; Glutamic acid; Lactic 
acid; Pyruvic acid; Succinic acid; 
Adenosine triphosphate; Glutamine 

Citric Acid Cycle 3 7,66E-14 6,36E-12 1,65E-12 Pyruvic acid; Succinic acid; 
Adenosine triphosphate 

Ketone Body 
Metabolism 

3 7,11E-13 5,83E-11 1,22E-11 3-Hydroxybutyric acid; Acetoacetic 
acid; Succinic acid 

Arginine and 
Proline Metabolism 

7 9,29E-13 7,53E-11 1,33E-11 Glycine; Glutamic acid; Proline; L-
Aspartic acid; Succinic acid; L-
Arginine; Adenosine triphosphate 

Ammonia 
Recycling 

8 1,91E-11 1,52E-09 2,31E-10 Glycine; Glutamic acid; Histidine; 
Serine; L-Aspartic acid; Pyruvic 
acid; Adenosine triphosphate; 
Glutamine 
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Butyrate 
Metabolism 

3 2,15E-11 1,69E-09 2,31E-10 Acetoacetic acid; Succinic acid; 
Adenosine triphosphate 

Betaine Metabolism 5 4,19E-11 3,27E-09 4,00E-10 Betaine; Choline; Adenosine 
triphosphate; Methionine; 
Homocysteine 

Glycine and Serine 
Metabolism 

12 9,22E-11 7,10E-10 7,93E-10 2-Ketobutyric acid; Betaine; 
Glycine; Glutamic acid; Pyruvic 
acid; Sarcosine; L-Arginine; 
Adenosine triphosphate; 
Methionine; Homocysteine 

Urea Cycle 6 1,11E-10 8,47E-09 8,72E-10 Glutamic acid; L-Aspartic acid; 
Pyruvic acid; L-Arginine; 
Adenosine triphosphate; Glutamine 

Carnitine Synthesis 4 2,08E-10 1,56E-08 1,49E-09 L-Carnitine; Glycine; Lysine; 
Succinic acid 

Oxidation of 
Branched Chain 

Fatty Acids 

3 2,58E-11 1,91E-08 1,71E-09 L-Carnitine; Succinic acid; 
Adenosine triphosphate 

Glycolysis 3 8,64E-10 6,22E-08 4,64E-09 D-Glucose; Pyruvic acid; 
Adenosine triphosphate 

Transfer of Acetyl 
Groups into 

Mitochondria 

3 8,64E-10 6,22E-08 4,64E-09 D-Glucose; Pyruvic acid; 
Adenosine triphosphate 

Gluconeogenesis 4 1,96E-09 1,33E-11 8,85E-09 D-Glucose; Lactic acid; Pyruvic 
acid; Adenosine triphosphate 

Cysteine 
Metabolism 

3 3,96E-09 2,57E-07 1,55E-08 Glutamic acid; Pyruvic acid; 
Adenosine triphosphate 

Glucose-Alanine 
Cycle 

3 6,44E-09 4,12E-07 2,31E-08 D-Glucose; Glutamic acid; Pyruvic 
acid 

Alanine Metabolism 4 6,45E-09 4,12E-07 2,31E-08 Glycine; Glutamic acid; L-Alanine; 
Pyruvic acid; Adenosine 
triphosphate 

Pyruvate 
Metabolism 

5 1,21E-08 7,41E-07 4,02E-08 Acetic acid; Glutathione; Lactic 
acid; Pyruvic acid; Adenosine 
triphosphate 

Aspartate 
Metabolism 

7 1,81E-08 1,09E-06 5,77E-08 Acetic acid, Glutamic acid; L-
Aspartic acid; L-Arginine; 
Adenosine triphosphate; Glutamine; 
N-Acetyl-L-aspartic acid 

Nicotinate and 
Nicotinamide 
Metabolism 

3 4,17E-08 2,46E-06 1,28E-07 Glutamic acid; Adenosine 
triphosphate; Glutamine 

Valine, Leucine and 
Isoleucine 

Degradation 

8 6,10E-08 3,54E-06 1,81E-07 Acetoacetic acid; Glutamic acid; 
Isoleucine; Methylmalonic acid; 
Succinic acid; Adenosine 
triphosphate; Leucine; L-Valine 

Tryptophan 
Metabolism 

4 7,06E-08 3,95E-06 1,96E-08 Formic acid; Glutamic acid; 
Adenosine triphosphate; L-
Tryptophan 

Methionine 
Metabolism 

9 7,93E-08 4,36E-06 2,13E-07 2-Ketobutyric acid; Betaine; 
Choline; Glycine; Serine; 
Sarcosine; Adenosine triphosphate; 
Methionine; Homocysteine 

Purine Metabolism 5 1,06E-07 5,74E-06 2,77E-07 Glycine; Glutamic acid; L-Aspartic 
acid; Adenosine triphosphate; 
Glutamine 

Homocysteine 
Degradation 

3 1,40E-06 7,12E-05 3,34E-06 2-Ketobutyric acid; Serine; 
Homocysteine 

Phosphatidylethanol
amine Biosynthesis 

3 2,20E-06 1,01E-04 4,62E-06 Choline; Serine; Adenosine 
triphosphate 

Tyrosine 
Metabolism 

4 2,79E-06 1,23E-04 5,58E-06 Acetoacetic acid; Glutamic acid; L-
Tyrosine; L-Aspartic acid 

Fatty Acid 
Biosynthesis 

3 5,72E-06 2,46E-04 1,12E-05 Acetic acid; Acetoacetic acid; 3-
Hydroxybutyric acid 
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Sphingolipid 
Metabolism 

4 7,82E-06 3,28E-04 1,47E-05 D-Glucose; Serine; Uridine 
diphosphate glucose; Adenosine 
triphosphate 

Glutathione 
Metabolism 

5 8,50E-06 3,40E-04 1,56E-05 Glycine; Glutathione; Glutamic 
acid; Pyroglutamic acid; Adenosine 
triphosphate 

Folate Metabolism 3 1,20E-05 4,69E-04 2,16E-05 Formic acid; Glutamic acid; 
Adenosine triphosphate 

Selenoamino Acid 
Metabolism 

3 1,75E-05 6,65E-04 3,07E-05 2-Ketobutyric acid; Serine; 
Adenosine triphosphate 

Phenylalanine and 
Tyrosine 

Metabolism 

5 3,01E-05 1,11E-03 5,17E-05 Acetoacetic acid; Glutamic acid; L-
Tyrosine; Phenylalanine; 
Adenosine triphosphate 

Propanoate 
Metabolism 

6 1,20E-04 4,32E-03 2,02E-04 2-Ketobutyric acid; 2-
Hydroxybutyric acid; Glutamic 
acid; Methylmalonic acid; 
Adenosine triphosphate; L-Valine 
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Chapter III 

Metabolomic approach to evaluate the protective effect of NGF in 

AD cellular model 

 

 

3.1 The role of NGF in Alzheimer’s disease 
Nerve Growth Factor (NGF) is one of the main neurotrophic factors, first identified 

in the 1950s by Rita Levi-Montalcini, a discovery that earned her the Nobel Prize in 

Physiology or Medicine in 1986.1 NGF regulates neuronal viability, plasticity and 

growth, binding to two receptors: the low-affinity NGF receptor (p75) and the high-

affinity NGF receptor (TrkA), which are both expressed in basal forebrain cholinergic 

neurons and are known to innervate the hippocampal structure. 2 

NGF is synthesized as an unprocessed precursor form, proNGF, which undergoes 

post-translational processing to produce the mature protein.3 NGF appears to act via 

retrograde signaling: it is released by target cells and initiates signaling pathways that 

propagate retrogradely along the axon. 4 

Several pieces of evidence demonstrate a strong link between NGF and the 

cholinergic system in the hippocampus. Indeed, injecting NGF in the cerebrospinal 

fluid induces an increase in choline acetyltransferase activity in the hippocampus. 5 

Furthermore, NGF has been shown to protect basal forebrain cholinergic neurons after 

axonal damage of hippocampal projecting fibres. 6 

Alterations in the brain NGF metabolic pathway have been reported, especially in 

basal forebrain cholinergic neurons of patients affected with Alzheimer’s disease 

(AD). Among the various hypotheses proposed to explain AD pathogenesis, the NGF 

hypothesis stands out.7  This theory is supported by the well-established and tightly 

regulated relationship between cholinergic neurons and NGF signaling, suggesting 

that disruptions in NGF availability or signaling may contribute to the degeneration of 

these neuronal populations. 

Actually, cognitive deficits in AD are associated with cholinergic neuron 

degeneration, and the basal forebrain cholinergic system remains the only brain region 
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that depends on NGF during postnatal development. Several dysfunctions in NGF 

signaling, transport, maturation, and degradation characterize AD brains.8 Even if 

cortical NGF mRNA levels remain normal in AD, the level of the immature form of 

the growth factor called proNGF is upregulated in basal forebrain tissue.9 Consistently, 

the enzymes involved in its maturation (tPA, plasminogen, and plasmin protein) are 

dramatically decreased in postmortem AD brains. Moreover, analysis of the main 

NGF-degrading protease, MMP-9, revealed a marked increase in its activity compared 

with control cases. 10 

All these effects together contribute to inducing a low level of the mature form of 

NGF – that is, the one active – and an accumulation of the inactive proNGF. 

Based on these premises, the neuroprotective and regenerative effects of NGF on 

cholinergic neurons have been extensively investigated, yielding positive outcomes in 

both animal models of AD and clinical studies. 11  

Despite the neuroprotective effects of NGF on neuronal degeneration, its 

therapeutic application is constrained by two significant limitations: its poor 

permeability across the blood–brain barrier (BBB) and the dose-dependent induction 

of pain as a significant side effect. 12, 13 

For this reason, advanced delivery systems have been explored to enhance NGF 

concentration in the brain and to address its pharmacokinetic limitations. These 

approaches range from early methods such as intracerebral infusion to more modern 

delivery technologies, including nasal and intraocular administration routes. In 

addition, gene- and cell-mediated NGF-based therapies, as well as NGF release from 

polymer-encapsulated cells, have emerged as promising strategies to improve targeted 

delivery and therapeutic efficacy. 11, 14 

To address the second limitation, a NGF mutant, named CHF6467 has been 

develop. CHF6467 sequence included two mutations compared to wild type NGF: 

P61SR100E. R100E has been introduced to improve the tolerability of NGF in clinical 

use, since this mutation confer a reduction in pain side effect; P61S mutation was 

introduced purely as a marker of the recombinant form, to allow CHF6467 to be 

distinguishable in the presence of wild type NGF. 15 

NGF has a well-established role in the prevention and control of AD; however, the 

precise molecular mechanisms underlying its neuroprotective effects remain only 

partially understood. Experimental studies in murine models have shown that 
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elimination of NGF via transgenic expression of anti-NGF antibodies results in severe 

deficits in basal forebrain cholinergic neurons. 16 Moreover, NGF depletion has been 

associated with the induction of AD-like pathological features, including amyloid-β 

(Aβ) aggregation, tau hyperphosphorylation, and synaptic dysfunction. In contrast, 

NGF supplementation has demonstrated beneficial effects, including modulation of 

Aβ pathology and alleviation of memory impairment in AD mouse models. 7, 17 These 

findings support the hypothesis that NGF may act as a suppressor of Aβ-induced 

neurotoxicity. Nevertheless, the exact mechanisms by which NGF exerts its protective 

influence remain incompletely characterized. A comprehensive investigation of 

NGF’s role in cellular processes could uncover previously unrecognized aspects of its 

mechanism of action and open new avenues for its therapeutic use. 

 

3.2 Aim of the study 

The implication of NGF dysregulation in AD is well established, and its therapeutic 

potential has been demonstrated in both preclinical models and clinical studies. These 

findings underscore the relevance of NGF as a pharmacological intervention in AD. 11, 

18 

Given the rising prevalence of AD and projections for continued growth in the 

coming years, the development of effective therapeutic strategies is of critical 

importance. Although the limitation related to pain side effects cannot be overlooked, 

the availability of a “painless” mutant provides a means to overcome this issue. 15 

In this context, elucidating the mechanisms underlying the beneficial effects of 

CHF6467 - hereafter referred to simply as NGF - in AD is crucial for the development 

of innovative pharmacological strategies. Identification of previously unrecognized 

biological pathways underlying its action may serve as a starting point for clearify its 

effect and develop new drug candidates. From this perspective, metabolomics has 

recently emerged as a powerful tool capable of providing a comprehensive view of the 

biochemical pathways associated with disease or treatment, particularly unforeseen 

biological responses. 19, 20 

Considering the importance of amyloid-β peptide as a pathological hallmark of 

Alzheimer’s disease (AD), and in light of the results presented in Chapter II - where 

Aβ1-42 treatment in our cellular model induced dysregulation comparable to that 
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observed in patients and animal models - we applied a metabolomic approach to 

investigate the effects of NGF on SH-SY5Y cells in the presence of Aβ peptide. 

We consider metabolomics a technique highly suitable for comprehensively 

assessing the global impact of NGF. It enables an unbiased investigation into its 

mechanism of action, ensuring that the analysis remains broad, rigorous, and free from 

restrictive assumptions.  

The experimental workflow is illustrated in Figure 3.1. We demonstrated that NGF 

can protect SH-SY5Y cells from Aβ(1–42)-induced toxicity when cells are pretreated 

for 24 hours. To elucidate the site and nature of NGF’s action, we compared the 

metabolic profiles of SH-SY5Y cells treated with NGF and Aβ(1–42) to those exposed 

only to Aβ(1–42) and to untreated control cells. This allowed us to evaluate NGF’s 

ability to counteract Aβ -induced metabolic dysregulation. 

To further investigate NGF’s mode of action, we focused on the early biochemical 

changes induced during the pretreatment phase. This strategy enabled a comprehensive 

evaluation of the initial molecular events that may underlie NGF’s protective effect 

against Aβ(1–42) toxicity. 

 
Figure 3.1 Experimental workflow. NMR metabolomics was the approach used to evaluate 

the mechanism of action of NGF in presence of a pathological insult, i.e. amyloid peptide. 

Then, we evaluated early biochemical changes induced during the pretreatment phase. Figure 

created using BioRender, https://www.biorender.com/. 
 

It is important to emphasize that the untargeted metabolic profiling applied in this 

study offers a static representation of cellular status at the end of the treatment period. 

https://www.biorender.com/
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Consequently, it does not reflect dynamic metabolic fluxes occurring throughout the 

biological system. Nevertheless, the quantitative data obtained provide a robust basis 

for future mechanistic studies exploring the impact of NGF exposure on neuronal cells, 

both in the presence and absence of pathological insults. 

 

3.3 Results 
3.3.1 NGF protects SH-SY5Y cells from Aβ(1–42) toxicity 

The NGF mutant CHF6467 was expressed in E. coli as proNGF using a method 

newly established, during my PhD, by downscaling and adapting an industrial 

protocol. The expression and purification procedures, currently under patent 

application, are detailed in the Materials and Methods section. All subsequent 

experiments were performed using the mutant CHF6467, hereafter referred to simply 

as NGF. 

To evaluate the protective effect of NGF on SH-SY5Y neuroblastoma cells, a cell 

viability assay was performed. The results confirmed that NGF exerts a protective 

effect against Aβ(1–42)-induced toxicity. As shown in Figure 3.2, SH-SY5Y cells 

exposed to Aβ(1–42) (50 μM) exhibited a survival rate of 50.12 ± 3.91%. In contrast, 

co-treatment with NGF at concentrations of 200 µg/ml and 100 µg/mL preserved cell 

viability, increasing survival to 71.1 ± 0.18% and 75.56 ± 5.14%, respectively. 

 

 
Figure 3.2 Neuroprotective effect of NGF against Aβ(1–42)-induced cytotoxicity. Cell 

viability was examined by the CCK-8 assay. SH-SY5Y cells were exposed to NGF (100 µg/mL 

and 200 µg/mL) for 24 h before administration of Aβ(1- 42) recombinant monomer 50 μM for 

an additional 48 h. The viability variations were calculated as the percentage of viable cells 

in treated cultures compared to untreated ones (CTRL). Results are shown as mean ± standard 

deviation (SD) from three independent experiments. 
####

 denote p < 0.0001 vs. Ctrl; *, ** 

denote respectively p < 0.05 and p < 0.01 vs. Aβ(1–42).  
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3.3.2 NGF modulation of amyloid altered pathways 

Based on the interesting outcomes of the nicotine study - presented in the Chapter 

II - we conducted a combined metabolomic analysis of the intracellular and 

extracellular compartments to evaluate the protective mechanisms induced by NGF in 

the context of AD. Quantitative data on metabolites were derived from the study of 1D 
1H NOESY NMR spectra, acquired from both the endometabolome and the 

exometabolome. 21 

In more details, we performed a sparse Partial Least Squares Discriminant Analysis 

(sPLS-DA) to compare the metabolomic profiles of three distinct cell groups: (i) cells 

treated with NGF followed by incubation with Aβ(1–42) (Abeta_NGF); (ii) cells 

incubated with Aβ(1–42) alone (Abeta); and (iii) untreated control cells (CTRL). The 

resulting score scatter plot revealed a clear separation between the metabolic profile 

of Abeta cells - representing the pathological condition - and both the control and 

Abeta_NGF groups (Figure 3.3A). The validity of the model was evaluated through 

cross-validation, yielding Q2 values of 0.65 and 0.90 for PC1 and PC2, respectively. 

Additional validation was performed using ROC curve analysis (Figure S1). These 

results indicate a significant effect of NGF on reverting the metabolic alterations 

caused by Aβ(1–42). 

The metabolites contributing most significantly to this clustering are illustrated in 

the alluvial plot (Figure 3.3B), which highlights compounds with Variable Importance 

in Projection (VIP) scores > 1 that exhibit differential abundance across intra- and 

extracellular compartments among the three experimental conditions. 

The alluvial plot reveals that the cells pretreated with NGF before incubation with 

Aβ(1–42) have low intracellular concentrations of 1-methylguanine, acetylcholine, 

glutamate, methionine, and UDP-N-acetylglycine, while high concentrations of fucose 

and GABA. In contrast, the exometabolome of this group of cells has the highest 

concentrations of glutamine, ketoleucine, and pyruvate, while showing low 

concentrations of 3-hydroxybutyrate, isoleucine, leucine, and proline. Our analysis 

highlights that the exchange between the two cellular compartments is particularly 

important for some metabolites: acetate, arginine, glycine, histidine, and lactate, whose 

concentrations show to change in the endo and exometabolome. 
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Figure 3.3 (A) sPLS-DA score scatter plots related to the combined matrices of endo and 

exometabolome of SH-SY5Y cells treated with Aβ(1–42) in blue (Abeta) vs. cells pretreated 

with NGF before being incubated with Aβ(1–42) in grey (Abeta_NGF) vs. control cells in 

orange (CTRL). The cluster analyses are reported in the Cartesian space described by the 

principal components PC1:41% and PC2:13%. sPLS-DA was evaluated using cross-

validation (CV) analysis. CV tests performed according to the sPLS-DA statistical protocol 

show significant cluster separation (0.63 and 0.86 accuracy values on PC1 and PC2, 

respectively, with positive Q2 indices of 0.65 and 0.90, respectively). (B) Alluvial plot 

reporting metabolites discriminating clusters analysed in sPLS-DA and classified according 

to VIP value. The first column reports the discriminating metabolites, the second column is 

the cellular compartment, and the third column is the concentration change. The maximum 

concentrations in the comparison between the three clusters are indicated as “High”, the 

intermediate as “Medium”, and the minimum as “Low”. The lines connect the metabolite, the 

cell compartment where it is discriminating and the column representing quantitative 

variation. Each line is reported in pink if the metabolite has the variation in the clusters of 
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cells incubated with Aβ(1–42); in blue if the variation is typical of cells pretreated with NGF 

before being incubated with Aβ(1–42), and in green if the variation is typical of control cells. 

 
The Figure 3.4 presents heatmaps illustrating the average concentrations of both 

intracellular and extracellular metabolites across the three experimental cell groups. 

This analysis reveals that the metabolomic profiles of neuroblastoma cells treated with 

NGF and Aβ(1–42) closely cluster with those of untreated control cells, both for the 

endometabolome and the exometabolome. This clustering reflects a high degree of 

similarity in metabolic signatures between Abeta_NGF-treated cells and healthy 

controls, suggesting that NGF administration can report the metabolic conditions of 

Aβ(1–42)- exposed cells to those of untreated cells. 

 

 
Figure 3.4 Heatmaps showing changed metabolites in i) SH-SY5Y cells treated with Aβ(1–

42), ii) SH-SY5Y cells treated with both Aβ(1–42) and NGF, and iii) untreated SH-SY5Y cells, 

for exo- (A) and endometabolome (B). The color of each section corresponds to a 

concentration value of each metabolite calculated by a normalized concentration matrix (red, 

up-regulated; blue, down-regulated). 
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Table 3.1 presents the results of the Pathway Enrichment Analysis, conducted to 

interpret the NMR-based metabolomic data and identify the specific biochemical 

pathways modulated by NGF in the presence of Aβ(1–42). The analysis demonstrates 

modulation of several amino acid-related pathways, including glutamate, alanine, 

methionine, betaine, glycine and serine, aspartate, and arginine and proline 

metabolism. In addition to these, lipid-associated processes such as carnitine synthesis, 

phospholipid and phosphatidylcholine biosynthesis, and sphingolipid metabolism also 

appear to be affected. Furthermore, sugar-related pathways - including amino sugar 

metabolism, gluconeogenesis, the glucose–alanine cycle, and glycolysis - emerge as 

significantly modulated. Finally, the analysis also revealed alterations in spermidine 

and spermine metabolism, as well as in glutathione metabolism. 

 
Table 3.1 Enrichment pathway analysis: pathway discriminating Aβ(1–42)-treated cells 

and cells exposed to both NGF and Aβ(1–42). For each pathway is reported raw p-value, 

Holm p, FDR value and metabolites involved. Only pathways with hits >1 and both raw p-

values and Holm-adjusted p-values <0.05 were considered significant. 
 

Pathway Hits Raw p Holm p FDR Metabolites 

Glutamate Metabolism 1 8,54E-14 7,86E-12 7,86E-12 

Acetoacetic acid; Glutamic 

acid; Isoleucine; 3-Methyl-2-

oxovaleric acid; Adenosine 

triphosphate; Leucine; Valine; 

Pyridoxal 5'-phosphate 

Alanine Metabolism 6 1,99E-13 1.81E-14 9,15E-11 

Glycine; Glutamic acid; L-Alanine; 

Pyruvic acid; Pyridoxal 5'-

phosphate; ATP 

Spermidine and 

Spermine Biosynthesis 
3 1,99E-12 1,69E-09 2,28E-10 

Methionine; ATP; Pyridoxal 5'-

phosphate 

Methionine Metabolism 5 9,33E-12 8,30E-10 1,73E-10 
Pyridoxal 5'-phosphate; ATP; 

Methionine; Glycine; Serine 

Carnitine Synthesis 3 9,40E-12 8,30E-10 1,73E-10 
Glycine; Lysine; Pyridoxal 5'-

phosphate 

Betaine Metabolism 2 1,57E-11 1,36E-09 2,26E-10 Methionine; ATP 

Glycine and Serine 

Metabolism 
10 1,72E-11 1,48E-09 2,26E-10 

Glutamic acid; L-Alanine; L-

Threonine; Serine; Glycine; 

Methionine; Pyruvic acid; ATP; 

Pyridoxal 5'-phosphate; 

Amino Sugar 

Metabolism 
6 2,45E-11 2,06E-10 2,51E-10 

Uridine diphosphate-N-

acetylglucosamine; Acetic acid; 
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Glutamic acid; Glutamine; ATP; 

Pyruvic acid 

Phospholipid 

Biosynthesis 
3 1,59E-10 1,32E-08 1,46E-09 Phosphorylcholine; Acetylcholine 

Phosphatidylcholine 

Biosynthesis 
2 7,25E-10 5,94E-09 6,06E-09 

Phosphorylcholine; Acetylcholine; 

Citicoline 

Gluconeogenesis 4 4,85E-09 3,88E-07 3,43E-08 
Glucose; Lactic acid; Pyruvic acid; 

ATP 

Glutathione Metabolism 7 8,03E-09 6,35E-08 4,71E-08 

Glycine; Glutathione; Glutamic 

acid; L-

Alanine; NADP; Pyroglutamic 

acid; Adenosine triphosphate 

Aspartate Metabolism 10 1,57E-08 1,19E-06 8,50E-08 

Fumaric acid; Glutamic acid; L-

Asparagine; Acetic acid; Fumaric 

acid; Asparagine; Aspartate; NAA; 

Pyridoxal 5'-phosphate; ATP 

Glucose-Alanine Cycle 6 5,71E-08 4,17E-06 2,63E-07 

D-Glucose; Glutamic acid; L-

Alanine; NADP; Pyruvic acid; 

Pyridoxal 5'-phosphate 

Arginine and Proline 

Metabolism 
9 2,46E-07 1,77E-05 1,05E-06 

Fumaric acid; Glutamic 

acid; Proline; L-Aspartic acid; 

Glycine; NADP; Arginine; 

Pyridoxal 5'-phosphate; ATP 

Sphingolipid 

Metabolism 
6 2,50E-07 1,78E-05 1,05E-06 

ATP; Glucose; Serine; 

Phosphorylcholine; Pyridoxal 5'-

phosphate; Glucose 

Glycolysis 3 4,38E-07 3,07E-05 1,75E-06 Glucose; Pyruvic acid; ATP 

 

 

3.3.3 NGF effects 

To identify early biochemical changes that could underlie NGF’s protective effect 

against Aβ(1–42) toxicity, we analysed the metabolomic profiles of SH-SY5Y 

neuroblastoma cells subjected only to the pretreatment with NGF (100 μg/mL for 24 

hours). The metabolic signature of NGF-treated cells was compared with that of 

untreated controls using sPLS-DA (Figure 3.5A). The score plot reveals a clear 

metabolic shift induced by NGF, affecting both intracellular and extracellular 

compartments. The performance of the model was evaluated by cross-validation, 

yielding positive 0.94 and 0.85 Q2 indices for PC1 and PC2, respectively. Model 

robustness was further confirmed using using ROC curve analysis (Figure S2). 
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The alluvial plot, in Figure 3.5B, illustrates the metabolites responsible for this 

separation, highlighting those with VIP scores > 1. NGF treatment increased 

intracellular levels of citicoline, citrate, fumarate, GABA, and serine, while reducing 

acetylcholine and N-acetylaspartate (NAA) levels. In the extracellular space, NGF 

exposure decreased aspartate, cystine, and formate concentrations and increased 

glycine, isoleucine, and serine levels. 

 

 
Figure 3.5 (A) sPLS-DA score scatter plots related to the metabolomic profile of combined 

cellular compartments related to SH-SY5Y treated with NGF for 24 h (NGF) vs. control cells 

(CTRL). The cluster analyses are reported in the Cartesian space described by the principal 

components PC1:27% and PC2:16%. sPLS-DA was evaluated using cross-validation (CV) 

analysis. CV tests performed according to the sPLS-DA statistical protocol show a significant 

cluster separation (0.96 and 1.0 accuracy values on PC1 and PC2, with positive 0.94 and 0.85 
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Q2 indices, respectively). (B) Alluvial plot reporting metabolites discriminating clusters 

analyzed in sPLS-DA and classified according to VIP value. The first column reports the 

discriminating metabolites, the second column is the cellular compartment, and the third 

column is the concentration change. The maximum concentrations in the comparison between 

the two clusters are indicated with “Max”, and the minimum with “Min”. The lines connect 

the metabolite, the cell compartment where it is discriminating and the column representing 

quantitative variation. Each line is reported in green if the metabolite has the variation in the 

clusters of cells incubated with NGF; in pink if the variation is typical of control cells. 

 
To investigate the relationship between intra- and extracellular metabolites, a 

Cluster Image Map and a Relevance Network Graph were constructed, revealing 

fumarate as the most interconnected metabolite (Figures 3.6A, B). Its intracellular 

increase was positively correlated with extracellular serine, isoleucine, glycine, and 

methylamine, and negatively correlated with proline, cystine, arginine, and formate. 

 
Figure 3.6 (A) Cluster Image Map: visualization of the relationships between intracellular 

metabolites (columns) and extracellular metabolites (rows). Linear correlation was conducted 
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using the Pearson coefficient. Negative correlations are shown in shades of blue, while 

positive correlations are depicted in red. (B) Relevance Network Graph: connections between 

intracellular and extracellular metabolites in SH-SY5Y exposed to NGF compared to control 

cells are shown. Extracellular metabolites are represented by pink circles, intracellular 

metabolites by blue rectangles. Larger circle sizes indicate stronger correlations and a greater 

contribution of the metabolite to cluster differentiation. Green lines represent indirect 

correlations, while red lines indicate direct correlations. 

 
 
To further explore the biochemical pathways affected by NGF in line with the 

observed metabolite changes, we performed a pathway enrichment analysis of the 

intracellular metabolite dataset (Table 3.2). 

 
Table 3.2 Enrichment pathway analysis: pathway discriminating NGF-treated cells and 

control cells. For each pathway is reported raw p-value, Holm p, FDR value and metabolites 

involved. Only pathways with hits >1 and both raw p-values and Holm-adjusted p-values 

<0.05 were considered significant. 

 
Pathway Hits Raw p Holm p FDR Metabolites 

Phospholipid 

Biosynthesis 
3 2,45E-09 2,26E-07 2,26E-07 

Acetylcholine; Phosphorylcholine; 

Citicoline 

Aspartate Metabolism 10 3,08E-08 2,80E-06 1,42E-06 

Fumaric acid; Glutamic acid; L-

Asparagine; Acetic acid; L-Aspartic 

acid; Arginine; ATP; NAA; 

Pyridoxal5-phosphate 

Mitochondrial Electron 

Transport Chain 
2 1,57E-07 1,42E-05 3,11E-06 

Fumaric acid; ATP 

Citric Acid Cycle 4 1,76E-07 1,57E-02 3,11E-06 
Citric acid; Fumaric acid; Pyruvic 

acid; ATP 

Arginine and Proline 

Metabolism 
9 1,95E-07 1,71E-05 3,11E-06 

Glycine; Fumaric acid; Glutamic 

acid; Proline; L-Aspartic acid; 

NADP; Pyridoxal 5'-phosphate; 

Phenylalanine and 

Tyrosine Metabolism 
7 3,08E-07 2,62E-05 3,55E-06 

Acetoacetic acid; Fumaric acid; 

Glutamic acid; L-Tyrosine; 

Phenylalanine; ATP; Pyridoxal 5'-

phosphate 

Biotin Metabolism 2 3,81E-07 3,20E-05 3,89E-06 Lysine; ATP 

Tyrosine Metabolism 7 4,69E-07 3,89E-05 4,31E-06 

Fumaric acid; Glutamic acid; L-

Tyrosine; L-Aspartic acid; 

Acetoacetic acid; Pyridoxal 5'-

phosphate 

Propanoate Metabolism 4 6,06E-07 4,97E-05 5,07E-06 
Glutamic acid; ATP; Valine; 

Pyridoxal 5'-phosphate 

Selenoamino Acid 

Metabolism 
4 2,44E-06 1,96E-04 1,73E-05 

L-Alanine; Serine; Pyridoxal 5'-

phosphate; ATP 
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Phosphatidylethanolamine 

Biosynthesis 
2 3,81E-06 2,97E-04 2,34E-05 

ATP; Serine 

Lysine Degradation 4 9,12E-06 6,77E-04 2,89E-05 
Glutamic acid; Lysine; Pyridoxal 5'-

phosphate; ATP 

Phosphatidylcholine 

Biosynthesis 
2 2,09E-05 1,31E-03 6,40E-05 

ATP; Phosphorylcholine 

Homocysteine 

Degradation 
2 2,36E-05 1,46E-03 7,01E-05 

ATP; Acetoacetate 

Butyrate Metabolism 2 3,10E-05 1,89E-03 8,90E-05 

gamma-Aminobutyric 

acid; Glycine; Glutathione; 

Glutamic acid; L-Alanine; L-

Aspartic acid; NADP; Pyruvic acid; 

ATP; Glutamine; Pyridoxal 5'-

phosphate 

Glutamate Metabolism 11 4,29E-05 2,53E-03 1,16E-04 

Acetoacetic acid; Glutamic 

acid; Isoleucine; 3-Methyl-2-

oxovaleric acid; Adenosine 

triphosphate; Leucine; Valine; 

Pyridoxal 5'-phosphate 

Valine, Leucine and 

Isoleucine Degradation 
8 1,12E-04 6,19E-03 2,72E-04 

Acetoacetic acid; Glutamic 

acid; Isoleucine 3-Methyl-2-

oxovaleric acid; Adenosine 

triphosphate Leucine; Valine; 

Pyridoxal 5'-phosphate 

Purine Metabolism 7 2,21E-04 1,92E-02 3,11E-06 

Glycine; Fumaric acid; Glutamic 

acid; Adenosine triphosphate; L-

Aspartic acid; NADP; Glutamine 

Urea Cycle 9 2,36E-04 2,03E-05 3,11E-06 

Fumaric acid; Glutamic acid; L-

Alanine; L-Aspartic acid; Pyridoxal 

5'-phosphate; Glutamine 

Carnitine Synthesis 3 2,68E-04 1,42E-02 6,17E-04 
Glycine; Lysine; Pyridoxal 5'-

phosphate 

Ammonia Recycling 10 3,92E-04 2,00E-02 8,58E-04 

Glycine; Glutamic acid; L-

Asparagine; Histidine; Serine; L-

Aspartic acid; Glutamine; Pyridoxal 

5'-phosphate 

Glycine and Serine 

Metabolism 
10 4,35E-04 2,18E-02 9,31E-04 

Glutamic acid; L-Alanine; L-

Threonine; Serine; Glycine; 

Methionine; Pyruvic acid; ATP; 

Pyridoxal 5'-phosphate; 

Histidine Metabolism 5 4,51E-04 2,21E-02 9,43E-04 
Glutamic acid; Histidine; ATP; 

Pyridoxal 5'-phosphate; NADP 
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The most prominently altered pathway was phospholipid biosynthesis, including 

phosphatidylethanolamine and phosphatidylcholine biosynthesis. Several amino acid-

related pathways were also affected, including arginine and proline metabolism, 

valine, leucine, and isoleucine degradation, glycine and serine metabolism, 

selenoamino acid metabolism, and lysine degradation. Alterations in 

neurotransmission-related processes were suggested by changes in the metabolism of 

aspartate, glutamate, phenylalanine, and tyrosine. Additionally, pathways associated 

with cellular energy regulation were affected, including the citric acid cycle, electron 

transport chain, biotin metabolism, propionate metabolism, the urea cycle, and 

carnitine metabolism. 

 
3.4 Discussion 
3.4.1 The multifaced action of NGF in precence of Aβ(1–42) 

Alterations in NGF-related cellular processes have been observed in the cholinergic 

neurons of patients with AD, suggesting a role of NGF in the progression of disease. 7 

In line with these findings, studies in murine models have demonstrated that NGF 

depletion exacerbates Aβ aggregation and synaptic impairment. On the other hand, 

NGF supplementation attenuates AD-related neuropathology and enhances cognitive 

function. 7, 16, 17 Collectively, these data support the hypothesis that NGF may act as a 

suppressor of Aβ-induced neurotoxicity. Furthermore, NGF administration has 

demonstrated therapeutic potential in human subjects, despite certain limitations 

related to its pharmacokinetic properties. 11-13 

Given NGF’s therapeutic relevance in AD, we aimed to elucidate its mechanism of 

action using an untargeted metabolomics approach. Accordingly, we treated SH-SY5Y 

neuroblastoma cells with NGF in the presence of amyloid-β (Aβ) and performed 

comprehensive profiling of intracellular and extracellular metabolites. 

Preliminarily, we conducted a viability assay to confirm NGF’s protective effect 

against Aβ-induced toxicity in SH-SY5Y cells. Subsequently, we performed 

comparative analysis of the metabolomic profiles, providing deeper insight into the 

biological mechanisms underlying NGF’s neuroprotective action, potentially 

supporting its broader application in AD therapy and contributing to the development 

of more effective treatment strategies. 
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Interestingly, our data demonstrate that NGF is capable of reversing the metabolic 

alterations induced by Aβ(1–42). This effect is clearly evident in the sPLS-DA score 

plot, which shows a proximity of the ellipses, including control cell samples, to those 

exposed to both Aβ(1–42) and NGF. Further confirmation emerges from the heatmaps, 

which reveal a clustering of these two experimental groups, distinct from the Aβ(1–

42)-treated cells. 

Pathway enrichment analysis comparing the metabolomic profiles of cells treated 

with Aβ(1–42) in the absence and in the presence of NGF reveal the biochemical 

processes modulated by NGF in a pathological context resembling AD.  

Elevated levels of Aβ are known to impair neuronal glutamate uptake at the synaptic 

level. Consequently, glutamate accumulates in the extracellular space, leading to 

overstimulation of NMDA receptors. This phenomenon is also observable in our 

cellular model and is consistent with observations reported in AD models and in the 

brains of AD patients. 22  Shun et al. demonstrated that rat cortical neurons are 

protected from glutamate toxicity when treated with human or mouse NGF, and 

observed a similar protective effect against NMDA- and kainate-induced neuronal 

damage. 23  

In line with these findings, our results suggest that NGF can protect against 

glutamate-induced neurotoxicity by regulating the glutamate pathway and by lowering 

glutamate concentrations. Moreover, the reduction in glutamate levels is accompanied 

by decreased glycine release, a co-agonist required for full NMDA receptor activation 

(as shown by the alluvial plot and heatmaps). 

The combined effect reinforces the hypothesis that NGF may mitigate excitotoxic 

conditions by modulating key components of glutamatergic signaling. 

Another modulated pathway is arginine and proline metabolism, consistent with the 

reduced concentrations of these amino acids. Arginine participates in several 

metabolic processes, and its alteration can influence a variety of cellular functions. For 

instance, arginine is a precursor for nitric oxide (NO) synthesis, and NO production in 

neurons can exert either neurotoxic or neuroprotective effects. 24  The altered arginine 

levels may also reflect changes in the metabolism of spermine and spermidine, for 

which arginine serves as a precursor. 25 

NGF appears to modulate phospholipid metabolism and the synthesis of its 

precursors in the presence of amyloid-β peptide. This observation suggests that NGF 
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may play a role in preserving membrane homeostasis, a process frequently 

compromised in neurodegenerative conditions such as AD. In particular, NGF could 

help counteract the loss of membrane integrity and the impairment of transmembrane 

transport mechanisms, which are commonly associated with amyloid toxicity and 

neurodegenerative diseases. 

As demonstrated in the previous chapter, exposure of SH-SY5Y cells to the β-

amyloid peptide induces hypoglycemia and an increase in 3-hydroxybutyrate levels. 

This may reflect a compensatory response to bioenergetic stress and mitochondrial 

dysfunction, as well as an attempt to buffer oxidative damage. In particular, 3-

hydroxybutyrate is known to exert antioxidant effects by scavenging reactive oxygen 

species (ROS) and modulating redox-sensitive signaling pathways. 26, 27 The 

concurrent increase in glutathione levels further supports the presence of oxidative 

stress, likely representing an adaptive upregulation of the cellular antioxidant defense 

system when cells are exposed to Aβ(1-42). Interestingly, this metabolic profile may 

indicate that cells are actively responding to amyloid-induced toxicity by shifting 

toward alternative energy substrates and enhancing redox buffering capacity. 

In contrast, when cells were pretreated with NGF before Aβ exposure, a significant 

reduction in ketone bodies and glutathione was observed. This suggests that NGF may 

exert a protective effect by preventing the onset of oxidative stress, thereby reducing 

the need for compensatory antioxidant mechanisms and alternative energy pathways. 

The observed increase in pyruvate levels under NGF treatment further supports this 

interpretation, pointing to a restoration of glycolytic flux and improved mitochondrial 

function. 

NGF also modulated glucose-related metabolic pathways, including glycolysis, 

gluconeogenesis, the glucose–alanine cycle, and alanine metabolism. Such regulation 

implies that NGF not only counteracts amyloid-induced metabolic reprogramming but 

also promotes a more physiologically balanced and efficient energy profile. Taken 

togheter, these findings highlight NGF’s potential as an early metabolic modulator, 

capable of preserving neuronal homeostasis and mitigating the bioenergetic and 

oxidative disturbances typically associated with neurodegeneration. 
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3.4.2 NGF acts as an early metabolic modulator 

To investigate the metabolic effects underlying NGF’s protective action against 

amyloid-β (Aβ) toxicity, we focused on its activity during the pretreatment phase. 

Specifically, we compared the metabolomic profiles of SH-SY5Y neuroblastoma cells 

pre-exposed to NGF (100 μg/mL for 24 hours) with those treated with vehicle alone, 

aiming to identify early metabolic shifts that may contribute to NGF-mediated 

neuroprotection. 

The Relevance Network Graph highlights a key role for fumarate within the NGF-

induced metabolomic landscape. The alluvial plot shows a significant increase in 

tricarboxylic acid (TCA) cycle intermediates, such as citrate and fumarate, and this is 

further supported by pathway enrichment analysis. This pattern indicates an 

upregulation of cellular energy metabolism, typically associated with conditions 

requiring elevated energy production. In line with this, our data suggest modulation of 

the electron transport chain, in which reduced coenzymes generated by the Krebs cycle 

sustain oxidative phosphorylation and ultimately drive ATP synthesis. These findings 

align with previous studies in PC12 cells, which reported that NGF treatment enhances 

glucose metabolism, particularly by increasing flux through the TCA cycle. Indeed, 

NGF induced a two-fold increase in pyruvate levels and TCA cycle intermediates in 

pheochromocytoma cells, indicating a metabolic shift toward mitochondrial oxidative 

metabolism. 28  

Fatty acid metabolism is also upregulated, as evidenced by increased carnitine 

synthesis. Carnitine is an essential biomolecule required for the transport of long-chain 

fatty acyl-CoAs into the mitochondria, where they are degraded via β-oxidation. 

Additionally, L-carnitine and its acetylated derivatives have recently gained attention 

as dietary supplements due to their neuroprotective properties. These compounds have 

shown potential benefits in various conditions involving central and peripheral 

nervous system injury, including hypoxia-ischemia and AD. 29 Thus, the modulation 

of this pathway may reflect an altered energy demand - consistent with the previously 

described changes in sugar metabolism - as well as a cellular response aimed at 

promoting neuroprotection. 

Taken together, the observed molecular changes indicate a heightened cellular 

energy requirement. These results support the notion that NGF exerts its 
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neuroprotective effects against Aβ(1–42) toxicity, in part, by modulating energy-

related metabolic pathways initiated during the pretreatment phase. 

The observed increase in citicoline, accompanied by a reduction in acetylcholine 

levels, confirms NGF’s ability to modulate phospholipid metabolism even before 

Aβ(1–42) exposure. This shift suggests a diversion of choline utilization away from 

acetylcholine synthesis and toward the biosynthesis of membrane components, 

potentially supporting enhanced membrane stability and structural remodeling. 

 Consistent with this, pathway analysis revealed that NGF influences the 

biosynthesis of phosphatidylethanolamine and phosphatidylcholine. These processes 

are likely involved in NGF’s role in neurite outgrowth, as the expansion of neuronal 

projections requires substantial membrane synthesis. Accordingly, NGF may induce 

an upregulation of phospholipid biosynthesis to provide the structural building blocks 

necessary to support neurite elongation. Such mechanisms likely help prepare cells to 

counteract the membrane-disruptive effects of amyloid-β. 

Finally, NGF modulates neurotransmission-related molecules, including glutamate, 

aspartate, glycine, GABA, and serine - all mediators of glutamate receptor signaling. 

Following treatment, intracellular GABA levels show a marked reduction, further 

supported by alterations in glutamate metabolism. These findings suggest an indirect 

role for NGF in regulating neurotransmitter production. Notably, a close interplay 

between brain neurotrophic factors and the glutamate–GABA system was already 

proposed as early as 1991. 30  

 

3.5 Conclusions 

In conclusion, our analysis confirms that NGF exerts a protective effect against 

Aβ(1-42)-induced toxicity in neuronal-like cells, and this neuroprotection is mediated 

through the modulation of several key biochemical pathways: 

i) NGF promotes the synthesis of crucial intermediates required for 

phospholipid biosynthesis, which are fundamental components of the 

cellular membrane. This is particularly relevant given that membrane 

integrity is often compromised in neurodegenerative conditions, partly due 

to amyloid peptide toxicity. 
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ii) NGF regulates cellular energy demands and optimizes the utilization of 

bioenergetic substrates, thereby supporting metabolic homeostasis under 

stress conditions. 

iii) NGF influences neurotransmitter dynamics, particularly by attenuating 

glutamate-induced excitotoxicity by modulating its synthesis and release.  

These findings underscore the multifaceted role of NGF in maintaining neuronal 

viability and highlight its therapeutic potential in counteracting the molecular 

mechanisms underlying neurodegeneration. 
 

3.6 Materials and methods 

 
3.6.1 Chemicals  

Dulbecco’s Modified Eagle’s Medium (DMEM), L-glutamine, penicillin and 

streptomycin, fetal bovine serum (FBS), CCK-8 were purchased from Sigma-Aldrich 

(St. Louis, MI, USA).  

 

3.6.2 Production of CHF6467 

CHF6467 was expressed in Escherichia coli as a pro-protein, pro-human mutant 

NGF (pro-hmNGF). 31  The method for expressing and purifying NGF was developed 

– during my PhD – from an E. coli culture, adapting and scaling down an industrial 

process to generate the target protein from its precursor. The most effective steps were 

chosen and incorporated into the protocol presented here. 

CHF6467 sequence included two mutations compared to wild type NGF: 

P61SR100E. P61S mutation was introduced purely as a marker of the recombinant 

form, to allow CHF6467 to be distinguishable in the presence of wild type NGF; 

R100E has been introduced to improve the tolerability of NGF in clinical use, since 

this mutation confer a reduction in pain side effect. 15 

CHF6467 was obtained after transformation of E.coli BL21(DE3) cells with 

pET11a-hproNGF P61SR100E. 

The individual colonies were taken from a stock solution, stored at a temperature 

of − 80 °C, and added to 50 mL of preinoculum, where 100 µg/mL ampicillin and 30 

µg/mL chloramphenicol were previously added for selective control. The bacteria 

were incubated in a thermostatic incubator under constant stirring at 37 °C overnight.  
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The following day, 10 mL of the culture was transferred to 500 mL LB medium, 

added with ampicillin (100 µg/mL) and chloramphenicol (30 µg/mL). When cell 

density had reached an OD600 of 0.6 at 37 °C, gene expression was induced by the 

addition of 1 mM isopropyl-D-thiogalactoside (IPTG). 

The cells were collected after six hours of induction and centrifuged to remove the 

supernatant. Collected cells, including bodies (IB), within pro-hmNGF were 

resuspended in 50 mM Tris, 1 mM EDTA, pH 7.0, and homogenized. 

Subsequently, the resulting pellet was weighted and resuspended in lysis buffer (6M 

guanidine hydrochloride, 2M urea, 1.0 mM EDTA, 50 mM TRIS, pH 8.0), keeping a 

constant ratio of 2.5mL of buffer per gram of IB.  

After the dissolution of IB, dithiothreitol (DTT) was added to a final concentration 

of 50 mM, and the resulting solution was stirred overnight to break the disulphide 

bridges of pro-hmNGF. 

At the end of reduction, the pH was lowered to 3.5 by adding HCl, and the mixture 

was filtered through a 0.65 µm positively charged glass fiber filter (Sartopure® GF 

Plus Sartoscale 25). 

To allow the refolding step, DTT was removed by constant-volume diafiltration 

using a solution containing 50 mM Tris, 2 M urea, 6 M guanidine hydrochloride, 1 

mM EDTA, pH 3.5, and was eventually concentrated. The buffer exchange was 

performed against at least seven concentrate volumes of reduction buffer. Diafiltration 

and concentration were performed using an Amicon® Stirred Cell with 10 kDa 

Ultrafiltration Discs in polyethersulfone (Biomax). 

For refolding of pro-NGF, the resulting solution was added to the refolding buffer 

(50 mM Tris, 1 M L-arginine HCl, 0.1 M NaCl, 0.35 M NaOH, 5 mM EDTA, 5 mM 

GSH, 1.0 mM GSSG, pH 9.5) in a 1:50 ratio between the protein solution and the 

refolding buffer, respectively. The dropping of the protein solution was allowed by a 

syringe pump with a constant flow of 2µL/min at 4°C. The refolding buffer was 

continuously stirred during the dropping. After the protein addition, the solution was 

stirred for an additional 8 hours. 

Afterward, the pH was lowered to 7.5 by the addition of HCl, and subsequently the 

solution was concentrated. 

The buffer was exchanged with 1 M arginine HCl and 20 mM sodium phosphate, 

pH 7.4, using constant-volume diafiltration. The buffer exchange was performed 
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against at least four concentrate volumes of refolding buffer. The concentration and 

diafiltration were performed using an Amicon® Stirred Cell with 10 kDa Ultrafiltration 

Discs in polyethersulfone (Biomax). 

The collected retentate was diluted with 10 mM sodium phosphate, pH 7.3, to a 

conductivity of < 25 mS/cm. To remove the precipitate formed during this step, the 

product was filtered using a 0.65 µm positively charged glass fiber filter (Sartopure® 

GF Plus Sartoscale 25). 

Before performing the trypsin cleavage, CaCl2 was added to a final concentration 

of 20 mM, and the pH was adjusted to 7.0 using NaOH. Thus, trypsin was added to 

the pro-hmNGF solution to a concentration of 1% (w/w). The reaction was constantly 

stirred for 4 hours at 4°C. This time proved to be the most efficient for cleavage, while 

for shorter time intervals the amount of pro-hmNGF left was greater, reducing the 

yield of this step (Figure 3.7A). 

Trypsin protease activity was stopped by adding Phenylmethanesulfonyl Fluoride 

(PMSF) to a final concentration of 1 mM and aprotinin (BPTI) to 2 µg/mL. 

After trypsin cleavage, the pH of the solution was adjusted to 5.5-6.0 by the addition 

of HCl, and the solution was filtered through a 0.65 µm positively charged glass fiber 

filter (Sartopure® GF Plus Sartoscale 25). 

Immediately after, the protein was purified with a CaptoMMC column at 1 mL/min 

using an AKTA purifier system. The column was equilibrated with 350 mM Arg-HCl, 

20 mM phosphate buffer, pH 6.0. After the loading of the sample, the system was 

washed with the same buffer. The protein was eluted using the elution buffer (350 mM 

Arg-HCl, 50 mM phosphate, pH 9.5). 

The eluate of CHF6467 was then dialyzed against phosphate buffer at pH 6.0 to 

reduce the arginine concentration. 

Figure 3.7B shows the final product CHF6467 compared to reference CHF6467 on 

SDS-PAGE gel stained with Coomassie blue. The CHF6467 identification was further 

checked via Electro-Spray Mass Spectroscopy (Vanquish Flex UHPLC system 

interfaced with Orbitrap Exploris 120 and a heated electrospray ionization source 

HESI-II, Thermo Fisher Scientific, Milan, Italy). 
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Figure 3.7 (A) SDS-PAGE with the samples of the time-course of the proteolysis of pro-

hmNGF with trypsin. Lane 1: molecular weight marker; lane 2: reference CHF6467; lane 3: 

pro-hmNGF after refolding; lane 4: pro-hmNGFafter diluition; lane 5: pro-hmNGF before 

adding trypsin; lane 6: 30 minutes trypsin incubation; lane 7: 1 hour trypsin incubation; line 

8: 2 hours trypsin incubation; line 9: 3 hours trypsin incubation; line 10: 4 hours trypsin 

incubation. (B) SDS-PAGE analysis comparing reference CHF6467 with produced CHF6467. 

Lane 1 = MW marker; lane 2 = reference CHF6467; lane 3 = produced CHF6467 after the 

purification process.  

 
 

3.6.3 Cell Culture  

The human neuroblastoma line SH-SY5Y was purchased from American Type 

Culture Collection (ATCC, Rockville, MD, USA). Cells were cultured in Dulbecco’s 

Modified Eagle Medium (DMEM, 4500 mg/mL glucose) supplemented with 10% 

(v/v) FBS, 2 mM L-glutamine, 100 U/mL penicillin, and 0.1 mg/mL streptomycin. 

Cells were maintained in a humidified incubator at 37 °C with 5% CO2 and 

passaged every 2 days. 

 

3.6.4 Cell Viability Assay 

Cell viability was assessed by measuring mitochondrial metabolic activity using the 

Cell Counting Kit-8 (CCK-8, Cat. CK04, Dojindo Laboratories, Rockville, MD, 

USA), following the manufacturer’s instructions. Briefly, to evaluate NGF’s ability to 

protect SH-SY5Y cells from Aβ(1–42) toxicity, 8 × 103 cells/well were plated in 96-

well plates for 24 h, then NGF at 100 μg/mL or 200 μg/mL was added for 24 h. Next, 

Aβ(1–42) peptide 50 μM was added for 48 h.  

 The CCK-8 reagent was then diluted in cell medium (10%) and incubated for 1 

hour. Absorbance was measured at 450 nm with a microplate reader (Multiskan Go, 

Thermo Scientific, Waltham, MA, USA). 
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Cell viability was calculated as the percentage of viable cells relative to the 

untreated control. Data are presented as mean ± standard deviation (SD) from three 

independent experiments. Statistical analysis was performed using one-way ANOVA 

followed by Dunnett’s multiple comparisons test, using GraphPad Prism version 8.0 

(GraphPad Software, San Diego, CA, USA). Statistical significance was set at p < 

0.05. Symbols indicate significance levels as described: #### denote p < 0.0001 vs. 

CTRL; *, ** denote respectively p < 0.05 and p < 0.01 vs. Aβ(1–42).  
 

3.6.5 1H NMR Metabolomics  

3.6.5.1 Exposure of SH-SY5Y cells to NGF and Aβ(1–42) 

To prepare metabolomic samples, cells were plated in 60 mm culture dishes and 

allowed to adhere overnight.  

For co-administration, cells were pretreated with NGF (100 µg/mL) and, after 24 

h, Aβ(1–42) was added for an additional 48 hours at a sub-toxic concentration (5 μM). 

Cells exposed only to Aβ(1–42) peptide at the same concentration and incubation time 

were used for the comparison. For the control group, cells were treated only with the 

vehicle for the same duration.  
 

3.6.5.2 Sample collection and intracellular metabolites extraction 

After treatments, both culture media and cell pellet were collected for the 

metabolomics analysis targeting the exometabolome and endometabolome, 

respectively. Specifically, the medium was transferred to microcentrifuge tubes and 

centrifuged at 1000× g for 10 min. The same procedure was applied to cell-free 

medium incubated under identical conditions. The resulting supernatants were 

transferred to fresh microcentrifuge tubes and stored at −80 °C until NMR analysis. 

After media removal, cell dishes were washed with cold PBS (pH 7.4) to remove media 

residues and cells were collected by scraping in methanol. To extract intracellular 

metabolites from cell pellet, homogenization was followed by biphasic extraction 

method using methanol, chloroform, and water in a 1:1:1 ratio. 32   Samples were 

centrifuged at 6000 rpm for 10 min at 4 °C to separate the polar and apolar phases. 

Polar extracts from cell pellet were dried under vacuum with a SP-Genevac EZ-2 4.0 

concentrator while lipophilic extracts were dried with nitrogen flow for later analysis. 

All extracts were stored at −80 °C before NMR testing. 
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3.6.5.3 NMR Sample Preparation 

Lyophilized cell extracts were reconstituted in 200 μL of buffer (50 mM Na2HPO4, 

1 mM trimethylsilyl propionic-2,2,3,3-d4 acid sodium salt (TSP-d4), 10% of D2O). 

TSP-d4 was used as an internal standard for the alignment and quantification of NMR 

signals. For growth media analysis, 100 μL of cell medium was mixed with 100 μL of 

the same buffer used for the lyophilized extracts. The resulting samples were 

transferred into 3 mm NMR tubes for 1H NMR acquisition. 

 

3.6.5.4 NMR Data Acquisition and Processing 

1D 1H NMR spectra were recorded on a Bruker AscendTM 600 MHz spectrometer 

equipped with a 5 mm triple resonance Z gradient TXI probe (Bruker Co, Rheinstetten, 

Germany) at 298 K. One-dimensional NOESY NMR spectra were recorded with 20 k 

points, 12 ppm spectral width, 1.36s acquisition time, 5 s relaxation delay, 10 ms of 

mixing time and 128 scans. 33 Topspin version 3.0 (Bruker Biospin) was used for 

spectrometer control and data processing. Spectra analysis followed an untargeted 

metabolomic approach, with each metabolite identified prior to statistical testing using 

Chenomx NMR-Suite v10.1 (Chenomx NMR suite, v10.1, Edmonton, AB, Canada). 

Quantitative analysis of the 1D-NMR spectra was performed with NMRProcFlow ver 

1.4.10. 34  

 

3.6.5.5 Statistical analysis  

The resulting quantification matrix was normalised to the sum of quantified 

metabolites, log-transformed, Pareto-scaled, and analysed using the open-source tool 

Metaboanalyst 6.0 and the MixOmics R package, as explained in Chapter 2. 35, 36 

Univariate analysis was performed separately on the exometabolome and 

endometabolome of the groups, using a T-Test and Fold Change, and the results were 

displayed in a Volcano plot. 37  

To enhance data accuracy and gain biological insights, multivariate statistical 

analysis (MVA) was first applied to the exometabolome and endometabolome 

concentration matrices, followed by analysis of the combined data sets. 

To analyze the combined endo- and exometabolome, we employed the mixOmics 

R package using a P-integration approach. To ensure greater precision in the combined 

analysis and to mitigate the influence of inherent variability between the matrices, the 
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batch effect was further eliminated using the R limma package. 38  MVA was 

conducted on combined matrices of endo- and exo-metabolites using the supervised 

sparse Partial Least Squares (sPLS), also known as the projection to latent space 

method. 39 In this integrated approach, sPLS analysis is effective when the total 

number of variables in the combined matrices exceeds the number of samples 

analysed, as demonstrated in this study. The sPLS was conducted with an LASSO 

penalty on the loading vectors to reduce the number of original variables used to 

construct the latent variables. 40 A sample plot illustrates the clustering of samples’ 

metabolomic profiles. In the graph, each sample appears as a point located based on 

its projection onto the selected latent components of the data. Leave-one-out cross-

validation is conducted to validate the model, using R2, Q2, and accuracy metrics. 41 

Furthermore, sPLS models were additionally validated using ROC curve analysis. 42 

Variable correlations are displayed using a circular correlation plot, where all 

vectors are plotted inside a unit circle with a radius of 1. Each vector’s position reflects 

its correlation with the components; stronger associations produce vectors that extend 

further from the center. Additionally, variables with vectors close to each other are 

highly correlated. 35 The contribution of each variable is shown in a bar graph. The 

contribution graph based on loadings for variable separation has been color-coded to 

show the maximum value between two, indicating the clusters where the metabolite 

has the highest concentration. To comprehensively depict the quantitative changes in 

metabolites, we created heatmaps using normalised data, average group 

concentrations, and Euclidean distance. 43  

Correlational analysis between intra- and extracellular metabolites using the Cluster 

Image Map was performed by applying the Pearson correlation coefficient. The same 

statistical approach was employed to construct the cluster image map. The Pearson 

correlation coefficient (r) quantifies both the strength and direction of the relationship 

between two quantitative variables. Its values range from –1 to +1, with significance 

increasing as the coefficient approaches either extreme. A negative value indicates an 

inverse correlation, while a positive value reflects a direct correlation. 44 

The Relevance Network Graph also incorporates metabolite centrality, which 

reflects the extent to which individual metabolites contribute to the discrimination of 

metabolic profiles. Only metabolites with a Pearson correlation coefficient cutoff of 

0.70 and a high degree were visualized, based on the number of variables present in 
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the joint matrix of the exometabolome and endometabolome. The degree of a node 

refers to the number of connections it maintains within the network - serving as a 

measure of centrality based on direct link count. 45 

The enrichment pathway tool was used to conduct pathway analysis with 

Metaboanalyst 6.0. KEGG pathways were selected based on lower false discovery 

rates (FDR), with p-values less than 0.05, and a hit value (the number of metabolites 

in the pathway) greater than 1. 46 
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Appendix 

 

 

 
 
 
 
 
 
 

Figure S1. Performance evaluations of the sPLS-DA model based on 
1
H-NMR data were 

performed using ROC curve analysis on the combined exo and endometabolome profiles of 

NGFAbeta and Aβ versus CTRL_72h. The ROC curve values for the first and second 

components with the relative p-value are given in Table. 
 

Outcome AUC Component 1 p-value 
Aβ vs Others 0.50 0.003 

CTRL_72h vs Others 1 1.25E-11 
NGFAbeta vs Others 1 1.48E-09 
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Figure S2. Performance evaluations of the sPLS-DA model based on 

1
H-NMR data were 

performed using ROC curve analysis on the combined exo and endometabolome profiles of 

NGF-24h versus CTRL. The ROC curve values for the first and second components with the 

relative p-value are given in Table. 

 
 
 
 

 
 
 
 

 
 
 
 

 

AUC Component 1 p-value 
0.97 1.25E-10 

AUC Component 2 p-value 
0.96 1.15E-09 
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Chapter IV 

Exploring D-aspartic acid role in the brain by hyperpolarization-

NMR 

 

 

4.1 D-amino acid in mammalian brain 
For a long time, D-amino acids were believed to exist exclusively in 

microorganisms and plants. However, in recent decades, growing evidence - 

supported by increasingly sensitive analytical techniques - has revealed their presence 

in mammals as well. Among the free D-amino acids identified in mammals, D-serine 

(D-Ser) and D-aspartate (D-Asp) are the most abundant within the central nervous 

system (CNS). 1 

The role of D-Ser is well characterized: it acts as a physiological co-agonist of 

NMDA receptors (NMDARs) at central excitatory synapses. Changes in cerebral D-

Ser levels modulate NMDAR signaling, thereby influencing glutamatergic 

transmission and, ultimately, key neuronal processes and behaviors. 2, 3 Abnormal 

concentrations of D-Ser in the brain and cerebrospinal fluid (CSF) have been 

associated with various neurological and psychiatric disorders, including post-

traumatic stress disorder, traumatic brain injury, amyotrophic lateral sclerosis (ALS), 

Alzheimer’s disease (AD), and schizophrenia. 4-7 

In contrast, the biological relevance of endogenous free D-Asp in the mammalian 

CNS remains comparatively less well defined. Accordingly, recent research has begun 

to investigate its potential role in glutamatergic signaling and brain function.  

In living organisms, D-aspartate levels are regulated by both biosynthetic and 

degradative pathways. Early studies supported the existence of a specific mammalian 

aspartate racemase capable of converting L-aspartate into D-aspartate within the 

brain.8 Still, its existence has not yet been conclusively demonstrated. 9, 10  

Additionally, recent findings suggest that serine racemase (SR) - the enzyme 

responsible for D-Ser production 11 - may also contribute to D-Asp generation in 

specific brain regions. 12, 13 
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Regarding the catabolic pathway, it is well established that D-aspartate oxidase 

(DDO or DASPO), a flavin adenine dinucleotide (FAD)-dependent enzyme, degrades 

D-Asp within peroxisomes, producing α-oxaloacetate, hydrogen peroxide (H2O2), and 

ammonium ions (NH4+) as byproducts. DDO is inactive toward basic and neutral D-

amino acids, including D-serine, which are instead metabolized by distinct 

flavoenzymes homologous to DDO. 14, 15 

 

4.2 The time-dependency of D-Asp 
Although current knowledge regarding D-Asp is still evolving, one well-established 

aspect is its distinct temporal and spatial distribution within the organism. D-Asp is 

highly concentrated in the brain during fetal development, but its levels decline sharply 

immediately after birth, suggesting a tightly regulated role in early neurodevelopment.  

This developmental pattern is closely associated with the expression and the activity 

of DDO, the enzyme responsible for oxidizing D-Asp into oxaloacetate (Figure 4.1A). 

During the prenatal period, D-Asp levels are elevated while DDO activity remains low. 

Conversely, in the postnatal phase, DDO expression and activity increase markedly, 

leading to a rapid reduction in D-Asp concentrations (Figure 4.1B). This inverse 

relationship supports the hypothesis that D-Asp plays a critical role in brain maturation 

and underscores the need to downregulate its levels once key developmental processes 

have been completed. 16 

The mechanisms underlying DDO expression have also been investigated, 

revealing transcriptional regulation, as evidenced by a significant increase in Ddo 

mRNA levels during postnatal development. Notably, this transcriptional activation 

appears to be finely modulated by epigenetic mechanisms, specifically through 

progressive demethylation of the Ddo gene in the brain, within the promoter region. 
17-19 
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Figure 4.1 (A) The reaction catalyzed by D-aspartate oxidase (DDO) converts D-aspartate 

(D-Asp) into oxaloacetate, generating hydrogen peroxide and ammonium as byproducts. (B) 
Temporal relationship between cerebral D-Asp levels and DDO enzymatic activity. D-Asp 

concentration peaks during the prenatal phase of mammalian brain development. However, 

the proportion of D-Asp relative to total aspartate (D-Asp/total Asp ratio) varies across 

species. Notably, in the embryonic human brain, D-Asp constitutes approximately 65% of total 

Asp, compared to only ~12% in the embryonic mouse brain (upper panel). Postnatally, D-Asp 

levels progressively decline (middle panel), and its relative abundance remains low in both 

species. This reduction is driven by increased DDO activity during postnatal life (lower 

panel). Abbreviations: E18.5, embryonic day 18.5; GW14, gestational week 14. Adapted from 
16

. 

 

 

4.3 Pharmacological and functional properties of D-Asp 

Free D-Asp in mammals was first identified in rats and humans in the late 1980s. 20 

Already at that time, early studies demonstrated that D-Asp was capable of binding to 

the L-glutamate site on the ionotropic NMDAR. 21 This was later confirmed by 

subsequent experiments using both competitive and noncompetitive NMDAR 

antagonists, which showed that these antagonists blocked the inward current induced 

by D-Asp. 22, 23 Interestingly, residual D-Asp-dependent inward currents persisted even 

after the application of high doses of these antagonists, leading to the hypothesis that 

this D-amino acid might also act on other receptor types. 22, 24 This suggestion was 
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subsequently confirmed, demonstrating that D-Asp functions not only as an agonist of 

NMDARs, but also of the metabotropic glutamate receptor 5 (mGluR5). 25 

Moreover, microdialysis experiments conducted in the prefrontal cortex (PFC) of 

freely moving mice revealed that D-Asp is present at nanomolar concentrations in the 

extracellular space and that its release occurs via Ca2+-dependent mechanisms. 17, 26 

Supporting these in vivo findings, previous in vitro studies showed that D-Asp can be 

stored in secretory granules, released through vesicular Ca2+-mediated exocytosis, and 

taken up by both nerve terminals and glial cells via a Na+/K+-dependent L-

glutamate/L-aspartate transporter system, which recognizes L-Glu as well as both Asp 

enantiomers. 27-29 

Beyond its direct action on postsynaptic NMDAR and mGluR5 receptors, recent 

research has shown that exogenous administration of D-Asp induces a significant 

extracellular release of L-glutamate in the PFC of freely moving mice. This effect is 

mediated through the stimulation of presynaptic NMDA, AMPA, and mGluR5 

receptors. 26 

The influence of D-Asp signaling on NMDAR-mediated transmission has been 

demonstrated in various rodent models characterized by elevated endogenous D-Asp 

levels, achieved either through genetic ablation of the Ddo gene (Ddo⁻/⁻ mice) or via 

chronic oral administration of D-Asp. Persistent elevation of D-Asp induces 

pronounced NMDAR-dependent excitotoxicity, severe neuroinflammation, and 

neuronal cell death, which, in turn, exacerbates early synaptic plasticity deterioration 

and accelerates cognitive decline during aging. 17, 24, 30 However, short-term D-Asp 

treatment has been shown to reverse the age-related decay of long-term potentiation 

(LTP) observed in untreated aged mice. 22 

Taken together, these findings suggest that D-Asp upregulation may exert either 

detrimental or beneficial effects on NMDAR-related aging processes, depending on 

the timing and duration of D-Asp deregulation. In line with this evidence, DDO 

enzymatic activity appears to play a physiological role in maintaining D-Asp levels 

below a critical “danger threshold”, thereby preventing the potentially toxic 

consequences of prolonged D-Asp stimulation on NMDAR-mediated signaling. 16 

It is well established that glutamatergic neurotransmission is involved in several 

neurodevelopmental processes - including neurogenesis, proliferation, migration, 

differentiation, and apoptosis/survival - primarily through early activation of 
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NMDARs and mGluR5 receptors. 31-33 Based on D-Asp’s ability to stimulate these L-

glutamate receptor subtypes, a recent study has, for the first time, described the impact 

of embryonic D-Asp depletion on adult brain morphology and behavior, using a novel 

genetic mouse model characterized by non-physiological, prenatal-onset Ddo gene 

expression. 18 In this Ddo knock-in model, premature cerebral expression of Ddo was 

accompanied by a corresponding increase in DDO enzymatic activity, resulting in the 

early removal of cerebral D-Asp during the initial stages of brain development. These 

mice were found to be viable and fertile, and to exhibit enhanced spatial memory 

performance. Significantly, Ddo overexpression did not directly or indirectly affect the 

prenatal or postnatal metabolism of other amino acids involved in NMDAR signaling, 

such as L-glutamate, L-aspartate, D-serine, and L-serine. Furthermore, no major 

neuroanatomical alterations were observed in the overall adult brain architecture, 

including neuronal and myelin distribution, in Ddo knock-in mice. In this animal 

model, D-Asp removal is associated with alterations in the number of parvalbumin-

positive cortical interneurons and in memory abilities. 18 

 

4.4 Aim of the study 

D-Asp has gained increasing attention as a significant endogenous amino acid with 

neurotransmitter-like activity, implicated in key neurological processes such as brain 

development, memory formation, and cognitive function. Unlike classical 

neurotransmitters - whose roles have been extensively characterized - D-Asp remains 

relatively underexplored due to its more recent identification. 

A previous study demonstrated the value of employing a metabolomic approach to 

investigate the impact of prenatal D-Asp depletion in brain tissues from murine 

models. Specifically, the research groups of Prof. Anna Maria D’Ursi and Prof. 

Alessandro Usiello utilized a genetically modified mouse model with constitutive 

activation of DDO from the zygotic stage, resulting in abnormally low levels of D-Asp 

in the prenatal phase. By comparing the cerebral metabolic profiles of Ddo knock-in 

and wild-type mice at both prenatal and early postnatal stages, they revealed several 

dysregulations, including significant alterations in amino acid pathways associated 

with D-Asp deficiency. 34 

To expand this investigation, we aimed to include adult stages, specific brain sub-

regions, and conditions of D-Asp excess, while also enabling chiral resolution. For this 
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purpose, we adopted an innovative NMR technique based on non-hydrogenative 

parahydrogen-induced hyperpolarization (nhPHIP). nhPHIP enhances the detection of 

low-abundance metabolites in complex biological matrices, such as brain extracts, and, 

crucially, allows direct assessment of amino acid chirality without chemical 

derivatization. This is particularly advantageous given the limitations of derivatization, 

including incomplete reaction efficiency, potential racemization, and increased sample 

preparation complexity. 

This approach is especially relevant to our objectives, as many amino acids - 

including D-Asp - play direct or modulatory roles in neurotransmission. The ability 

to distinguish between enantiomers is essential, given that D- and L-forms of amino 

acids often exhibit markedly different biological activities. 

To explore the neurochemical consequences in adulthood of prenatal D-Asp 

depletion and sustained postnatal D-Asp accumulation, we subdivided the workflow 

as shown in Figure 4.2A: 

• First, we genetically engineer the Ddo gene to create a mammalian model 

of the brain with altered levels of D-Asp. This has been possible thanks to 

the collaboration with prof Usiello from Vanvitelli University of Caserta, 

Italy, and his expertise in animal models of D-Asp alterations. 

Specifically, we obtained four brain regions - the cerebellum, cortex, 

hippocampus, and striatum - and spinal cord from three experimental 

groups (Figure 4.2B): 

1. Wild-type mice, which show physiological DDO expression and low D-

Asp levels in adulthood; 

2. Ddo Knock-in mice, in which DDO expression begins from the zygotic 

phase and is maintained after birth; 

3. Ddo Knock-out mice, in which DDO is not expressed in adulthood, 

leading to sustained postnatal D-Asp accumulation. 

• Then, we performed NMR nhPHIP experiments on mouse brain extracts to 

obtain qualitative and quantitative information about cerebral amino acids. 

The spectra have been recorded at the Magnetic Resonance Research Center 

of Radboud University during the international research period of my PhD, 

under the supervision of Dr. Marco Tessari. 
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• Finally, biostatistical analyses of the metabolomic data derived from 

spectral profiling were conducted to evaluate the long-term neurochemical 

impact of early prenatal D-Asp depletion and sustained postnatal 

accumulation. 

 

 
Figure 4.2 (A) Experimental workflow designed to investigate the neurochemical 

consequences in adulthood of prenatal D-Asp depletion and sustained postnatal D-Asp 

accumulation. First, murine models with altered D-Asp levels were generated. Next, non-

hydrogenative parahydrogen-induced polarization (nhPHIP) NMR spectroscopy was 

employed to detect and characterize amino acid content in the murine brain. Finally, 

biostatistical analysis using MetaboAnalyst was performed to assess the impact of altered D-

Asp concentrations on cerebral biochemical pathways. (B) The murine brain subregions 

analyzed include the hippocampus, cortex, cerebellum, striatum, and spinal cord. Tissues were 

collected from three groups of mice: (i) wild-type, (ii) Ddo knock-in, and (iii) Ddo knock-out 

mice. Figure created using BioRender, https://www.biorender.com/. 
 
 

The application of nhPHIP in this study highlights the potential of hyperpolarized 

NMR techniques for targeted metabolomics, particularly in investigating 

stereospecific alterations in amino acid metabolism within neurological contexts. This 

approach not only enhances analytical resolution but also opens new avenues for 

https://www.biorender.com/
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exploring the pharmacological and physiological relevance of D-amino acids in 

biological samples, including tissue extracts and human biofluids. 

 

4.5 Results 
4.5.1 Targeted metabolomic profiling of amino acids in the mouse brain via 

nhPHIP 

To analyze the neurochemical consequences of early prenatal depletion of D-Asp 

or sustained D-Asp accumulation in the adult brain, the hippocampus, cortex, 

cerebellum, striatum, and spinal cord were collected from 4 Ddo knock-in adult mice, 

5 Ddo knock-out adult mice, and 5 wild-type adult mice. 

A targeted metabolomic approach was employed to investigate alterations in amino 

acid metabolites that function as neurotransmitters or serve as precursors and 

modulators of neurotransmission. Advanced NMR experiments based on nhPHIP were 

performed on polar extracts from selected brain regions to facilitate the targeted 

metabolomic analysis. 

In this experiment, the sample was supplemented with a specific set of reagents: an 

iridium–heterocyclic carbene catalyst (Ir–IMes) and a chiral substrate (S-nicotine). In 

the presence of parahydrogen (p-H2), which was continuously bubbled into the 

solution within NMR tubes, these components facilitated the formation of 

diastereoisomeric complexes (Figure 4.3). These complexes enabled the 

differentiation of amino acids, including the assessment of their chirality. 

Under the specific conditions used for sample preparation (see Materials and 

Methods), only metabolites with an α-amino acid structure produced detectable NMR 

signals. More specifically, once formed, the complexes generated characteristic 

signals observable in 2D nhPHIP zero-quantum (ZQ) spectra. I had the opportunity to 

acquire these spectra at the Magnetic Resonance Research Center of Radboud 

University (the Netherlands) under the supervision of Dr. Marco Tessari during the 

international research period of my PhD. 

Figure 4.3 shows a representative example of a 2D nhPHIP ZQ spectrum acquired 

from the hippocampus of a wild-type mouse. Almost all amino acids - except for 

proline and its derivatives - produced a pair of doublet signals in the region between 

–27 and –29 ppm. This specific chemical shift does not originate from the hydrogen 

atoms of the amino acids themselves, but rather from the hydrides produced by p-H2 
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association with the complex. These signals are susceptible to the amino acid side 

chain, enabling fine discrimination based on molecular structure and, thanks to the 

presence of the chiral cosubstrate S-nicotine, also on stereochemical configuration. 

The assignment (Figure 4.3) was based on spectra of individual amino acids 

previously recorded under identical conditions (e.g., same pH, same water content, 

which can affect chemical shift) by  Dr. Tessari’s research group and published in 35. 

 

 
Figure 4.3 2D nhPHIP zero quantum (ZQ) spectrum of hippocampus polar extract from 

wild-type mouse. The spectrum was acquired at 10 °C and at a 
1
H resonance frequency of 600 

MHz. The signal assignment is indicated in one letter code. In the upper left corner, a transient 

complex formed upon association of a α-amino acid deriving from brain extracts, p-H2, and 

an additional ligand (cosubstrate), represented by S-nicotine (S-Nic), to an iridium–

heterocyclic carbene catalyst. 

 

4.5.2 Ddo Knock-in  

To investigate the neurochemical alterations occurring in adulthood as a 

consequence of prenatal DDO expression - and the resulting low levels of D-aspartate 

during fetal development - we performed a biostatistical analysis of quantitative and 

qualitative data on amino acid content across brain regions, derived from 2D nhPHIP 

ZQ spectral analysis.  

Figure 4.4 presents the score plots from the PLS-DA analysis performed to 

compare the amino acid profiles of Ddo knock-in mice (red points) and wild-type mice 
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(green points). The supervised analysis was conducted on quantitative matrices 

derived from the hippocampus (Figure 4.4A), cortex (Figure 4.4B), cerebellum 

(Figure 4.4C), striatum (Figure 4.4D), and spinal cord (Figure 4.4E). 

Model performance was evaluated using Q2, R2, and classification accuracy, with 

the corresponding values reported in the tables below each score plot. All metrics fell 

below the thresholds typically considered significant, indicating no substantial 

differences between the two groups.36 These findings suggest that the adult cerebral 

amino acid composition of mice subjected to prenatal D-Asp depletion closely 

resembles that of mice with physiologically high D-Asp levels during brain 

development. 

 
 
Figure 4.4 PLS-DA score plots of the amino acid metabolomic profiles comparing Ddo 

Knock-in (KI, red) and Wild-Type (wt, green) mice across five brain regions: 

hippocampus (A), cortex (B), cerebellum (C), striatum (D), and spinal cord (E). The tables 

below each plot report cross-validation results, including the explained variance for each 

component, as well as accuracy, R
2
, and Q

2
 values. 
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4.5.3 Ddo Knock-out 

The sustained accumulation of D-Asp in adulthood was assessed using genetically 

modified mice in which the Ddo gene was silenced, thereby preventing its 

metabolization. Similar to the comparison presented in the previous paragraph, a PLS-

DA analysis was performed to compare Ddo knock-out mice and wild-type mice. 

The PLS-DA score scatter plot for the comparison between Ddo knock-out mice’s 

hippocampus and wild-type mice’s hippocampus is illustrated in Figure 4.5A. The 

graph shows a clear separation between the two clusters, whose differences in amino 

acid content were confirmed by cross-validation analysis (Q2 = 0.98 and 0.97, 

respectively, on PC1 and PC2). To identify specific metabolites responsible for 

discriminating the metabolomic changes induced by D-Asp accumulation in the 

hippocampus of Ddo knock-out mice, a Variable Importance in the Projection (VIP) 

score analysis was performed (Figure 4.5B). As expected, the study revealed an 

increase in D-aspartate as the primary discriminating metabolite. Additionally, it 

highlighted reduced levels of several amino acids, including L-isoleucine, L-

phenylalanine, L-leucine, L-arginine, L-tryptophan, L-tyrosine, L-proline, L-valine, 

and glycine. These findings were further supported by univariate statistical analysis 

conducted via volcano plot, which confirmed the same trends in concentration changes 

(Figure 4.5C). 

Note that in the VIP analysis and in volcano plot, each amino acid typically appears 

twice, distinguished by the labels 1 and 2. This duplication arises because all amino 

acids - except proline and its derivatives - produce a pair of doublet signals in the 

spectral region between –27 and –29 ppm, and both signals were incorporated into the 

matrix used for the biostatistical analysis. 
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Figure 4.5 (A) PLS-DA score plot of amino acid metabolomic profiles from the 

hippocampus, comparing Ddo knock-out (KO, red) and wild-type (wt, green) mice. Cluster 

separation is shown in Cartesian space defined by principal components PC1 (76.9%) and 

PC2 (11.5%). Model performance was evaluated using cross-validation (CV) based on the 

PLS-DA statistical protocol, revealing significant separation between groups (accuracy = 1.0 

on both PC1 and PC2; Q
2
 = 0.98 and 0.97, respectively). (B) VIP score plot of metabolites 

contributing to group discrimination. (C) Volcano plot showing metabolic changes in the 

hippocampus of Ddo knock-out and wild-type mice. Each point represents a metabolite, 

plotted according to p-value and fold-change thresholds (<0.05 and ±2.0, respectively). Red 

points indicate upregulated metabolites; blue points indicate downregulated metabolites. 
 

Subsequently, the same analysis was repeated on cortical samples, revealing 

distinct clustering of the metabolomic profiles between Ddo knock-out and wild-type 

mice (Figure 4.6A) (Q2 = 0.95 and 0.97, respectively, on PC1 and PC2). VIP score 

analysis confirmed the expected increase in D-aspartate as a consequence of Ddo gene 

silencing, along with elevated hydroxyproline levels and reduced concentrations of 

several amino acids, including the three aromatic L-amino acids, L-leucine, L-

isoleucine, L-proline, glycine, L-arginine, and L-valine (Figure 4.6B). These 

variations - particularly in branched-chain amino acids (BCAAs), aromatic amino 
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acids (ArAAs), L-arginine, and L-lysine - were further validated by univariate 

statistical analysis using a volcano plot representation (Figure 4.6C).  

 
Figure 4.6 (A) PLS-DA score plot of amino acid metabolomic profiles from the cortex, 

comparing Ddo knock-out (KO, red) and wild-type (wt, green) mice. Cluster separation is 

shown in Cartesian space defined by principal components PC1 (59.4%) and PC2 (9.8%). 

Model performance was evaluated using cross-validation (CV) based on the PLS-DA 

statistical protocol, revealing significant separation between groups (accuracy = 1.0 on both 

PC1 and PC2; Q
2 

= 0.95 and 0.97, respectively). (B) VIP score plot of metabolites 

contributing to group discrimination. (C) Volcano plot showing metabolic changes in the 

cortex of Ddo knock-out and wild-type mice. Each point represents a metabolite, plotted 

according to p-value and fold-change thresholds (<0.05 and ±2.0, respectively). Red points 

indicate upregulated metabolites; blue points indicate downregulated metabolites. 
 

To investigate the metabolic effects induced by D-Asp in the cerebellum, we 

repeated the PLS-DA analysis on NMR nhPHIP 2D ZQ data obtained from cerebellar 

extracts of Ddo knock-out and wild-type mice (Figure 4.7A). Once again, the 

supervised statistical method revealed a significantly different amino acid profile 

between the two groups, with Q2 values of 0.94 and 0.93 for PC1 and PC2, 

respectively. VIP score analysis confirmed elevated D-aspartate concentration and 

additionally revealed increased levels of L-glutamate. Conversely, reduced 
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concentrations were observed for several amino acids, including L-leucine, L-arginine, 

L-tryptophan, L-phenylalanine, glycine, L-isoleucine, L-tyrosine, L-valine, L-lysine, 

and L-proline (Figure 4.7B). These trends were supported by univariate statistical 

analysis (Figure 4.7C), which showed consistent variations in amino acid levels 

within the cerebellum. 

 
Figure 4.7 (A) PLS-DA score plot of amino acid metabolomic profiles from the cerebellum, 

comparing Ddo knock-out (KO, red) and wild-type (wt, green) mice. Cluster separation is 

shown in Cartesian space defined by principal components PC1 (78.9%) and PC2 (5.6%). 

Model performance was evaluated using cross-validation (CV) based on the PLS-DA 

statistical protocol, revealing significant separation between groups (accuracy = 1.0 on both 

PC1 and PC2; Q
2
 = 0.94 and 0.93, respectively). (B) VIP score plot of metabolites 

contributing to group discrimination. (C) Volcano plot showing metabolic changes in the 

cerebellum of Ddo knock-out and wild-type mice. Each point represents a metabolite, plotted 

according to p-value and fold-change thresholds (<0.05 and ±2.0, respectively). Red points 

indicate upregulated metabolites; blue points indicate downregulated metabolites. 
 

The same targeted metabolomic approach was applied to investigate the impact of 

D-Asp accumulation on striatal amino acid composition. Comparison of striatal 

metabolomic fingerprints between Ddo knock-out and wild-type mice revealed a 

significant difference between the two groups, with Q2 values of 0.89 for both PC1 
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and PC2 (Figure 4.8A), confirming consistent alterations across all four analyzed 

brain regions. In line with the findings in the cerebellum, VIP score analysis indicated 

elevated concentrations of D-aspartate and L-glutamate in the striatum of Ddo knock-

out mice. In contrast, reduced levels were observed for several amino acids, including 

L-arginine, L-leucine, L-phenylalanine, L-isoleucine, glycine, L-proline, L-aspartate, 

L-alanine, L-tyrosine, and L-lysine (Figure 4.8B). These variations were largely 

confirmed by univariate statistical analysis, as illustrated in the volcano plot (Figure 
4.8C). 

 
Figure 4.8 (A) PLS-DA score plot of amino acid metabolomic profiles from the striatum, 

comparing Ddo knock-out (KO, red) and wild-type (wt, green) mice. Cluster separation is 

shown in Cartesian space defined by principal components PC1 (61.9%) and PC2 (8.6%). 

Model performance was evaluated using cross-validation (CV) based on the PLS-DA 

statistical protocol, revealing significant separation between groups (accuracy = 1.0 and Q² 

= 0.89 on both PC1 and PC2). (B) VIP score plot of metabolites contributing to group 

discrimination. (C) Volcano plot showing metabolic changes in the striatum of Ddo knock-out 

and wild-type mice. Each point represents a metabolite, plotted according to p-value and fold-

change thresholds (<0.05 and ±2.0, respectively). Red points indicate upregulated 

metabolites; blue points indicate downregulated metabolites. 
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To conclude, we analyzed polar extracts from the spinal cord to investigate the 

consequences of elevated D-aspartate levels in the central nervous system outside the 

brain. PLS-DA analysis performed on the spinal cord metabolomic matrix from Ddo 

knock-out and wild-type mice revealed a significant impact on amino acid composition 

(Figure 4.9A), with Q2 values of 0.93 for both PC1 and PC2. Similar to the four brain 

regions previously examined, the spinal cord was characterized by increased levels of 

D-aspartate and reduced concentrations of BCAAs, ArAAs, L-arginine, L-proline. 

Notably, L-serine levels were also reduced in the spinal cord, a variation not observed 

in the other brain regions analyzed (Figure 4.9B). These findings were further 

confirmed by univariate statistical analysis (Figure 4.9C). 

 
Figure 4.9 (A) PLS-DA score plot of amino acid metabolomic profiles from the spinal cord, 

comparing Ddo knock-out (KO, red) and wild-type (wt, green) mice. Cluster separation is 

shown in Cartesian space defined by principal components PC1 (81.1%) and PC2 (4.4%). 

Model performance was evaluated using cross-validation (CV) based on the PLS-DA 

statistical protocol, revealing significant separation between groups (accuracy = 1.0 and Q
2
 

= 0.93 on both PC1 and PC2). (B) VIP score plot of metabolites contributing to group 

discrimination. (C) Volcano plot showing metabolic changes in the spinal cord of Ddo knock-

out and wild-type mice. Each point represents a metabolite, plotted according to p-value and 

fold-change thresholds (<0.05 and ±2.0, respectively). Red points indicate upregulated 

metabolites; blue points indicate downregulated metabolites. 



 

 121 

4.5.3.1 Biochemical pathways altered in Ddo knock-out mice 

We subsequently used enrichment analyses to identify the distinct biochemical 

pathways modulated by D-Asp in the hippocampus, cortex, cerebellum, striatum and 

spinal cord. 

Metabolomic data derived from NMR nhPHIP 2D ZQ spectra of Ddo knock-out 

and wild-type mice were used to perform pathway enrichment analysis using the Kyoto 

Encyclopedia of Genes and Genomes (KEGG) database. In accordance with the 

observed variations in amino acid concentrations in the hippocampus, the analysis 

revealed dysregulation not only in D-amino acid metabolism but also in valine, 

leucine, and isoleucine biosynthesis and their degradation pathways. Additional amino 

acid-related alterations included alanine, aspartate, and glutamate metabolism; 

glycine, serine, and threonine metabolism; phenylalanine metabolism; phenylalanine, 

tyrosine, and tryptophan biosynthesis; arginine biosynthesis; and histidine 

metabolism. Furthermore, disruptions were observed in pantothenate and CoA 

biosynthesis, glyoxylate and dicarboxylate metabolism, porphyrin metabolism, and 

nitrogen metabolism (Figure 4.10A).  

The same analysis was performed for the remaining three brain regions and the 

spinal cord, confirming alterations not only in D-amino acid metabolism and several 

L-amino acid pathways, but also in energy-related and redox-associated biochemical 

routes (Figures 4.10B–E). 
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Figure 4.10 Enrichment pathways analysis for the five brain regions: hippocampus (A), 

cortex (B), cerebellum (C), striatum (D), spinal cord (E). The discriminative pathways are 

ranked according to p-value and number of hits reported in the bars. Only pathways reporting 

a p-value <0.05 and a number of hits (metabolites involved in the biochemical pathway) >2 

are considered significant. 

 

4.5.3.2 Comparative analyses of Ddo knock-out amino acidic dysregulation in the 

five subregions 

To obtain a comprehensive overview of the effects of elevated D-aspartate 

concentrations in the central nervous system and to compare the dysregulation 

observed across the five analyzed regions, we performed comparative analyses. 

As a first step, we constructed a Venn diagram highlighting the amino acids 

responsible for the differentiation of the Ddo knock-out metabolomic fingerprint. This 

representation identifies the key metabolites whose concentrations were significantly 

altered by Ddo gene silencing (Figure 4.11A). 
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Figure 4.11 (A) Venn diagram showing the amino acids with VIP > 1 identified in the 

comparison of hippocampus, cortex, cerebellum, striatum, and spinal cord from Ddo knock-

out mice. (B) Venn diagram illustrating the disrupted biochemical pathways emerging from 

the same regional comparison in Ddo knock-out mice. Created with InteractiVenn, 

https://www.interactivenn.net/ 

 

The diagram shows that several amino acids are commonly altered across all five 

regions, including D-aspartate, L-isoleucine, L-phenylalanine, L-leucine, L-arginine, 

L-tyrosine, and L-proline. In contrast, L-tryptophan and L-valine were consistently 

affected in all regions except the striatum. 

Some metabolites appear to be specific to individual anatomical regions: 

hydroxyproline reduction was observed exclusively in the cortex. At the same time, 

decreased levels of L-aspartate and L-alanine were unique to the striatum. Similarly, 

L-serine reduction was found only in the spinal cord. 
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Additionally, certain alterations were common to different subsets of regions: L-

glutamate was elevated in both the cerebellum and striatum; glycine levels were 

reduced in the cerebellum, cortex, and striatum; and L-lysine showed consistent 

decreases in the cerebellum, striatum, and spinal cord. 

The comparison of altered biochemical pathways was performed using the same 

approach: a Venn diagram was constructed (Figure 4.11B). In this case, no pathway 

emerged as uniquely associated with a specific brain region. On the contrary, several 

amino acid-related pathways were commonly affected across multiple areas, including 

D-amino acid metabolism; valine, leucine, and isoleucine degradation and 

biosynthesis; pantothenate and CoA biosynthesis; alanine, aspartate, and glutamate 

metabolism; glycine, serine, and threonine metabolism; phenylalanine metabolism; 

phenylalanine, tyrosine, and tryptophan biosynthesis; arginine biosynthesis; and 

histidine metabolism. 

In addition to these shared pathways, other metabolic routes, such as glyoxylate and 

dicarboxylate metabolism, glutathione metabolism, and porphyrin metabolism, were 

also disrupted. Notably, all regions except the cortex showed alterations in arginine 

and proline metabolism, while nitrogen metabolism was affected in all regions except 

the cerebellum. 

 
4.6 Discussion 
Given the intriguing role of D-Asp in brain development, we extended our previous 

metabolomic analysis - originally conducted on the prenatal whole brain of Ddo 

knock-in mice - to investigate the long-term effects of prenatal D-Asp depletion in 

adulthood. Grimaldi et al. demonstrated that reduced levels of this D-amino acid 

significantly affected amino acid concentrations and related metabolic pathways 

across all developmental time points. 34 However, the classical NMR techniques used 

in that study could not resolve amino acid chirality. Given the critical role of 

stereochemical resolution in studies involving D-amino acids, the integration of 

chirality-sensitive methodologies is fundamental to the accuracy of the present 

metabolomic analysis.  

One promising technique is non-hydrogenative parahydrogen-induced polarization 

(nhPHIP), an emerging NMR method in metabolomics. 35, 37, 38 As a hyperpolarization 

method, nhPHIP significantly enhances NMR sensitivity, enabling the detection and 
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quantification of metabolites at low concentrations. Moreover, 2D nhPHIP ZQ 

experiments introduce a second spectral dimension, allowing for the resolution of 

amino acids with similar chemical structures that typically overlap in conventional ¹H 

NMR spectra. When a chiral cosubstrate is used during sample preparation, the 

resulting metal complex can serve as a stereochemical probe, distinguishing between 

D- and L-amino acids with identical formula and connectivity. 35 

In this study, we focused on specific brain subregions - including the hippocampus, 

cortex, cerebellum, striatum - and the spinal cord, to assess the broader impact of 

altered D-Asp levels across the CNS. When comparing amino acid profiles between 

adult Ddo knock-in mice and wild-type controls, we found comparable concentrations 

of nearly all L- and D-series amino acids. As expected, no significant differences in 

D-Asp levels were observed across the analyzed regions, consistent with the high 

physiological activity and expression of the DDO enzyme during the postnatal phase. 

However, it was not a given that other amino acids would remain unaffected. Our 

findings align with those of De Rosa et al., who reported no differences in D-serine, 

L-serine, and L-glutamate - key modulators of NMDA receptor function. Consistent 

with these neurochemical results, the authors observed no significant neuroanatomical 

alterations in adult brain architecture, including neuronal and myelin distribution, in 

Ddo knock-in mice. 18 

Taken together, these results support the hypothesis that the amino acid pathway 

disruptions observed during prenatal and early postnatal development, as reported by 

Grimaldi et al., are largely compensated in adulthood - when D-Asp no longer plays 

a central role in the brain. 34 However, further research could be beneficial to confirm 

this hypothesis. 

 

The opposite scenario - characterized by elevated D-Asp concentrations in 

adulthood - represents a deviation from the physiological norm, as D-Asp levels are 

typically low due to the postnatal induction of Ddo gene expression and the enzymatic 

activity of its protein product. Previous studies have shown that the effects of D-Asp 

in adulthood are not uniform but depend strongly on the duration of exposure, whether 

due to exogenous administration or genetic modifications such as Ddo gene silencing. 

Specifically, elevated D-Asp levels during early adulthood (2–4 months) have been 

associated with enhanced cognitive performance and improved memory in murine 
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models. In contrast, persistent D-Asp elevation into later adulthood (beyond 6 months) 

has been linked to detrimental outcomes, likely due to chronic overstimulation of L-

glutamate receptors, which may exacerbate age-related neurodegeneration. 16 

In this study, our murine models were within this latter age range, and our findings 

underscore the widespread impact of sustained D-Asp accumulation on amino acid 

profiles across the entire CNS. Comparative analyses revealed that the amino acid 

alterations induced by D-Asp accumulation in aged mice were largely consistent 

across all CNS regions, with no evidence of region-specific dysregulation. Several 

amino acids identified as significantly altered in individual subregions were also 

consistently affected in both the brain and spinal cord, suggesting a shared biochemical 

response to D-Asp elevation. As expected, D-Asp levels were markedly elevated in all 

analyzed regions, reflecting the Ddo gene manipulation and confirming modulation of 

D-amino acid pathways as a common feature across the CNS. 

Among the affected metabolic pathways, alanine, aspartate, and glutamate 

metabolism emerged as the most significantly impacted, particularly in the cortex, 

cerebellum, and striatum. Notably, L-glutamate levels were elevated in both the 

cerebellum and striatum. Previous studies have demonstrated that increased D-Asp 

levels modulate the glutamatergic system. For example, Cristino et al. reported that D-

Asp enhances glutamate release in both in vitro and in vivo models. Microdialysis 

experiments in six-month-old mice showed that elevated D-Asp levels - either through 

acute injection in freely moving animals or via genetic deletion of the Ddo gene - led 

to increased extracellular concentrations of L-glutamate in the hippocampus and 

prefrontal cortex, but not in the striatum. 30 

The apparent discrepancy with our findings may be attributed to methodological 

differences. While Cristino et al. employed microdialysis to selectively measure 

extracellular glutamate, our analysis was based on homogenized tissue, which does 

not differentiate between intra- and extracellular compartments. Despite this 

distinction, our results remain consistent with previous evidence indicating that 

elevated D-Asp levels alter glutamatergic pathways in the adult brain. 

In addition to alterations in glutamatergic pathways, our analysis revealed 

significantly reduced levels of L-arginine and L-proline in Ddo knock-out mice 

compared with wild-type controls. These changes were observed across nearly all 

anatomical regions examined. In the brain, L-arginine serves as the primary precursor 
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for nitric oxide (NO), a key physiological regulator involved in cerebral blood flow, 

memory and cognitive function, the sleep-wake cycle, and olfactory processing. 

However, in neurodegenerative conditions, excessive NO production can lead to 

nitroxidative stress, contributing to cellular damage. 39 Consistent with this, 

dysregulation of L-arginine and L-proline metabolism - as well as broader nitrogen 

metabolism - has been reported in the brains of Ddo knock-out mice. 

L-proline also plays a neuromodulatory role, exerting both excitatory and inhibitory 

effects, and is involved in energy metabolism and oxidative stress responses. 

Importantly, L-proline acts as an NMDA receptor agonist, modulating glutamatergic 

transmission. Abnormal proline levels have been linked to psychiatric disorders, and 

their reduction in our model aligns with impaired neurotransmission, cognitive 

deficits, and oxidative stress - hallmarks of neurodegenerative conditions associated 

with sustained D-Asp elevation. 40   

We also observed alterations in aromatic amino acids, such as phenylalanine and 

tyrosine, which serve as precursors for catecholamine biosynthesis. These changes 

suggest a potential disruption in catecholaminergic neurotransmission. Supporting this 

hypothesis, previous studies have reported that elevated levels of D-Asp following 

exogenous administration can inhibit dopamine release in the hippocampus, indicating 

a modulatory role for D-Asp in monoaminergic signaling. 41 

Furthermore, BCAAs were altered in both their biosynthesis and degradation 

pathways. Reduced BCAA levels have been reported in similar pathological contexts, 

including AD, which - like Ddo knock-out mice - is characterized by sustained 

excitotoxicity due to NMDA receptor overstimulation. 42 Although the underlying 

mechanisms remain unclear, these findings suggest a link to neurotransmitter 

imbalance, as BCAAs serve as nitrogen donors for glutamate and GABA synthesis 

and can also support the tricarboxylic acid (TCA) cycle as alternative energy 

substrates. 

Additional disruptions were observed in pantothenate and CoA biosynthesis 

pathways, as well as in glyoxylate and dicarboxylate metabolism, suggesting an altered 

neuronal energetic demand. In the brain, CoA is synthesized from pantothenate and 

plays a central role in energy metabolism, particularly in fatty acid synthesis and β-

oxidation, as well as in the TCA cycle. Furthermore, CoA is essential for the 

biosynthesis of neurotransmitters and steroid hormones. Notably, inborn errors in CoA 
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biosynthesis have been linked to neurodegenerative disorders in humans, underscoring 

CoA’s critical role in maintaining neuronal health and metabolic homeostasis. 43 

Consistent with the observed energetic alterations, we detected clear signs of 

mitochondrial dysfunction and persistent oxidative stress, as evidenced by changes in 

glutathione and porphyrin metabolism. Notably, heme (iron-protoporphyrin IX) plays 

a central role as a structural component of cytochrome complexes within the electron 

transport chain. It is essential for catalase activity, which protects cells from H2O2-

induced oxidative damage. Beyond its role in redox balance, heme functions as a vital 

cofactor in numerous biological processes, including neuronal survival, 

differentiation, and synaptic function. Emerging evidence suggests that dysregulation 

of heme metabolism may contribute significantly to neurodegenerative processes. 

Indeed, several neurodegenerative disorders have been linked to impaired heme 

homeostasis, further supporting its critical involvement in the pathogenesis of these 

conditions. 44 

In conclusion, our analysis highlights the crucial role of D-Asp downregulation in 

the aging CNS, where its suppression - primarily mediated by DDO activation - 

emerges as a key physiological mechanism for maintaining neurochemical balance in 

later life. D-Asp stimulation in the mature brain induces alterations in several amino 

acids involved in neurotransmission and cognitive functions, such as L-proline and L-

glutamate. Additionally, amino acids linked to oxidative stress regulation are 

significantly affected. In line with these changes, increased production of NO and 

reactive oxygen species (ROS) is observed, with a notable impact on glutathione 

metabolism and mitochondrial energy processes. Altogether, these findings outline a 

pathological framework that overlaps with mechanisms commonly associated with 

neurodegenerative diseases. 

 

4.7 Conclusions 

This study presents, for the first time, the application of a targeted metabolomics 

approach focused on amino acid dysregulation, employing an emerging NMR 

technique in metabolomics: non-hydrogenative parahydrogen-induced polarization 

(nhPHIP). This innovative method enabled us to specifically investigate amino acid 

imbalances triggered by altered D-Asp levels - modulated through genetic 

manipulation - while allowing a clear distinction between D- and L-amino acid 
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enantiomers. Thanks to this advanced technique, we demonstrated that, in adult murine 

models, the metabolic changes caused by D-Asp depletion appear to be largely 

compensated. More importantly, we provide the first evidence that persistent D-Asp 

levels in the adult brain lead to neurodegeneration-like conditions, affecting multiple 

amino acid pathways and suggesting broader disruption of neurochemical 

homeostasis. 

 
4.8 Materials and methods 

4.8.1 Mouse models and sample collection 

Ddo knock-in mice (Rosa26Ddo/+) were generated and genotyped by polymerase 

chain reaction (PCR) as previously described. 18 All experiments were conducted on 

male wild-type (Rosa26+/+) and heterozygous knock-in (Rosa26Ddo/+) mice, obtained 

from the mating of Rosa26+/+ and Rosa26Ddo/+ animals. These mice were backcrossed 

for five generations (F5) onto the C57BL/6J genetic background. Adult-phase 

experiments were performed on 6- to 9-month-old male mice.  

Knock-out mice (Ddo-/-) were generated as previously reported. 19 Male wild-type 

(Ddo+/+) and homozygous knock-out (Ddo-/-) mice, aged approximately 7–8 months, 

were used in this study. These animals were derived from heterozygous (Ddo+/-) 

matings and similarly backcrossed to the C57BL/6J background for five generations, 

in accordance with the Banbury Conference guidelines on genetic background in mice 

(1997). 24 Genotyping was performed by PCR following the protocol described by 

Errico et al. 19 

All animals were group-housed (four to five per cage) under controlled 

environmental conditions (22 ± 1 °C; 12-hour light/dark cycle) with ad libitum access 

to food and water. Organs and tissues were collected from mice anaesthetized with 

1.5% sevoflurane, and 98.5% O2 (Oxygen concentrator, Longfei Industry Co, 

Zhejiang, China). The hippocampus, cortex, cerebellum, striatum, and spinal cord 

were rapidly removed after cerebral dissection, immediately frozen on dry ice, and 

stored at −80 °C until use. All procedures were approved by the Institutional Animal 

Care and Use Committee and conducted in accordance with relevant guidelines. 

 

4.8.2 Chemicals 

Reagents were purchased from the suppliers listed below and used as received.  
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S-Nicotine, piperidine, piperidine hydrochloride, (R)-(+)-α-methylvaline were 

purchased from Sigma-Aldrich. α-Aminoisobutyric acid was purchased from Janssen 

Chemica. Methanol was purchased from Fischer Scientific. Ultrapure water (Milli-Q) 

was produced using a Milli-Q purification system equipped with a Q-Gard® 2 pack 

and a Quantum® EX cartridge (Millipore). 

The catalyst precursor [Ir(COD)(IMes)Cl](Imes = 1,3-bis(2,4,6-

trimethylphenyl)imidazole-2-ylidene; COD = cyclooctadiene) was synthesized in-

house as previously described. 45 Parahydrogen was generated using a HyperSpin 

Scientific generator cooled with liquid nitrogen at 77 K, converting thermal hydrogen 

(purity 5.0, Linde Gas Benelux B.V.) to 51% para-enriched H2. 

 

4.8.3 nhPHIP NMR experiments 

4.8.3.1 Sample preparation for nhPHIP 

Brain sub-regions and spinal cord tissues were collected from wt, Ddo knock-in, 

and Ddo knock-out mice and processed according to the standard operating 

procedure.46 In detail, 15–30 mg of each brain tissue sample was homogenised in 

0.45 mL of water and 2 mL of methanol using sonication. The homogenates were then 

diluted with 3 mL of a chloroform/water solution (2:1, v/v) and vortexed to facilitate 

extraction. After centrifugation at 10000 × g for 2 min at 4 °C, the polar and apolar 

phases were separated. The polar phase was subsequently dried under vacuum using a 

SP-Genevac EZ-2 4.0 concentrator. Dried polar extracts were dissolved in methanol 

to obtain a concentration of approximately 1125 μM, calculated to ensure that a 100 μL 

aliquot would yield a final amino acid concentration of around 150 μM upon dilution 

in the NMR tube. This dilution strategy was specifically designed to maintain a total 

amino acid concentration below 150 μM, thereby minimising potential competitive 

interactions among amino acids for binding to the catalyst complex. Such competition 

could otherwise impair quantification accuracy due to differences in binding affinities. 

100 μL of tissue extract in methanol was transferred to a vial containing the other 

reagents needed for the diastereoisomeric complexes formation to have a final 

concentration of 500 μM Ir-IMes catalyst precursor, 9 mM S-nicotine, 10 mM 

piperidine buffer, 10 μM of each (R)-(+)-α-methylvaline and α-aminoisobutyric acid 

as internal references for a total volume of 750 μL MeOH/H2O with 5.4% water 

content (v/v). The mixture was then vortexed and centrifuged for 5 minutes at 13000 
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rpm. Subsequently, a sample aliquot of 700 μL was transferred to a Wilmad® quick 

pressure valve (QPV) NMR tube with 5 mm diameter. 

As a quality control measure, nhPHIP samples containing all constituents except 

tissue extracts were prepared and analyzed as described to assess background signal 

levels and exclude cross-contamination between successive experiments. To further 

ensure data integrity, randomised sampling across different experimental groups was 

avoided. 

 

4.8.3.2 Bubble setup for nhPHIP 
The QPV NMR tube containing the sample was sealed with an in-house-built 

headpiece connected to three PEEK tubing lines. A tailored, in-house-designed 

hydrogen bubble setup enabled the steps required for complex formation and 

activation. 

Firstly, the sample mixture was flushed with nitrogen to remove dissolved oxygen. 

Afterwards, p-H2 (5 bar) was bubbled through the sample to activate the catalyst. 

The NMR tube was then placed in a 50 °C water bath for 7.5 minutes while 

maintaining a pressure of 5 bar p-H2, to simultaneously accelerate catalyst precursor 

activation and promote the attainment of thermodynamic equilibrium, favouring the 

nhPHIP-active binding mode of α-amino acids. Subsequently, the tube was cooled to 

5 °C for 2 minutes and repressurised before transferring the sample to the NMR 

spectrometer, maintained at 10 °C. 47 

At the beginning of each nhPHIP-NMR transient, the solution was saturated with 

p-H2 through a four-step process controlled by the spectrometer. First, the pressure 

inside the NMR tube was reduced from 5 to 4 bar via a relief valve connected to the 

vent line (0.25 s). Second, p-H2 was bubbled through the solution, restoring the 

pressure to 5 bar (0.75–1.5 s). This was followed by a brief delay (ca. 300 ms) during 

which pressure was applied above the liquid surface (“back pressure”) to stop bubbling 

that could interfere with the pulse sequence. Lastly, a final delay (0.7-1.0 s) is applied, 

allowing the sample to stabilise before the actual pulse sequence begins. 

 

4.8.3.3 nhPHIP NMR acquisition and processing 

All hydride nhPHIP NMR experiments were performed at 10 °C on a Bruker 

Avance III spectrometer operating at 600 MHz 1H resonance frequency, with a HCN 
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triple-resonance cryo-cooled probe equipped with z-pulsed field gradients. Note that 

no 2H lock was employed in the acquisition of nhPHIP spectra. 

1D nhPHIP hydride signals were acquired with a spectral width of 9500 Hz over an 

acquisition time of 0.43 s, following 4 dummy scans and using 32 transients. The SEPP 

(Selective Excitation of Polarization using PASADENA) pulse scheme was employed, 

centered at approximately –26 ppm, with a total experiment duration of 2 minutes. 48, 

49 A Lorentz-to-Gauss apodization function was applied prior to zero-filling to 32k 

points and Fourier transformation. Phase and baseline corrections were performed 

manually using nmrPipe. 

2D zero-quantum (ZQ) nhPHIP hydride spectra were acquired over approximately 

1 hour, with 2 transients per increment and 768 real increments. Spectral widths were 

set to 9500 Hz in the direct dimension and 2200 Hz in the indirect dimension. To 

reduce overall acquisition time, signal folding in the indirect dimension was employed. 

Data processing was performed using nmrPipe, applying Lorentz-to-Gauss 

apodization in both dimensions, followed by zero-filling to 2048 (t1) × 32768 (t2) 

points and Fourier transformation. Field drift correction was implemented by aligning 

the signal prior to the Fourier transformation in the indirect dimension. To suppress 

t1-noise in the 2D ZQ spectra, particularly near the most intense hydride signals, the 

method described by Wei et al. was applied. 50 

 

4.8.3.4 2D ZQ nhPHIP NMR spectra analysis 

Well-resolved 2D peaks from the hydride region between –27.7 and –28.8 ppm 

were manually integrated in Topspin 4.4.1 to build the data matrix, which contained 

the intensity values of each amino acid in every sample.  

 
4.8.4 Statistical analysis 

NMR metabolomic data were analysed using both univariate and multivariate 

statistical approaches. Data matrices derived from nhPHIP-NMR 2D ZQ spectra 

analysis, were normalized by sum and scaled using the Pareto method. Univariate 

analysis was performed by combining Student’s t-test and fold-change evaluation, 

visualised through Volcano plots. 51 

Subsequently, multivariate analysis was conducted using principal component 

analysis (PCA) and partial least squares discriminant analysis (PLS-DA) via 
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MetaboAnalyst 6.0 (http://www.metaboanalyst.ca). PCA was employed to reduce the 

dataset to a lower-dimensional feature space while preserving most of the variance, 

whereas PLS-DA was used to maximise separation between experimental groups. 

PCA performance was assessed using PERMANOVA, while the quality of the PLS-

DA model was evaluated using the Q2 coefficient (based on 5-fold internal cross-

validation) and the R2 coefficient, which represent the predictive and explained 

variance, respectively. 52 

Loading plots from the PLS-DA analysis were used to identify metabolites that 

contributed most to group separation, ranked by their variable importance in projection 

(VIP) scores. Pathway analysis was performed using the Enrichment tool in 

MetaboAnalyst. KEGG pathways were selected based on false discovery rate (FDR), 

p-value < 0.05, and a minimum of two metabolite hits per pathway. 

Dysregulated biochemical pathways across CNS regions were compared using 

Venn diagrams generated with InteractiVenn. 53 
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General conclusions 

 

 

This PhD thesis underscores the contemporary relevance of metabolomics - 

particularly NMR-based metabolomics - which remains the method of choice when 

an untargeted analytical approach is required. NMR spectroscopy offers several 

advantages, including straightforward sample preparation, inherent quantitative 

reliability, high reproducibility, non-destructive data acquisition, and non-selective 

detection of metabolites. 

Owing to its untargeted nature, NMR metabolomics represents a powerful tool for 

investigating the biological mechanisms of action (MoA) of molecules within the 

framework of pharmacometabolomics and pharmacodynamics. By moving beyond 

traditional hypothesis-driven strategies, this approach provides a comprehensive and 

unbiased overview of treatment-induced metabolic changes, thereby enabling the 

discovery of unexpected or off-target effects. 

Using this strategy, our analyses revealed the multifaceted activity of nicotine and 

its capacity to restore metabolic profiles toward those characteristic of a healthy 

phenotype. Nicotine effectively counteracted the broad metabolic dysregulation 

induced by Aβ(1–42), with principal effects observed in pathways related to 

neurotransmission, membrane stability, and energy metabolism. Similarly, using the 

same approach, our results demonstrate that NGF exerts neuroprotective effects by 

acting as an early modulator of Alzheimer’s disease–related metabolic alterations, 

thereby reducing the cellular stress induced by amyloid toxicity. 

These insights, which highlight the multitargeted mechanisms of action of the 

compounds under investigation, were achievable only through the untargeted 

metabolomic approach employed. With a single experiment, this methodology enables 

the characterization of complex biological responses without restricting the analysis to 

predefined pathways or individual molecular targets. 

During my international research period, I further deepened my expertise in NMR 

spectroscopy by exploring emerging hyperpolarization techniques, particularly non-

hydrogenative parahydrogen-induced hyperpolarization (nhPHIP). The work 
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presented in this thesis demonstrates the applicability of nhPHIP to various biological 

matrices, including tissue extracts, and its ability to resolve specific metabolic 

modulations that are otherwise difficult to detect. This targeted approach is especially 

valuable given the spectral overlap typical of conventional 1D 1H NMR, which can 

obscure low-abundance but biologically relevant metabolites. Moreover, nhPHIP 

offers the unique advantage of providing information on the stereochemical 

configuration of metabolites - such as amino acids - when a chiral co-substrate is 

employed. This study represents the first metabolomic application of nhPHIP for chiral 

analysis, enabling the investigation of alterations in brain tissue with unprecedented 

detail. 

Together with recent advances reported over the past five years, the research 

presented in this thesis may help pave the way for a new era in metabolomics - one 

characterized not only by increasingly sophisticated statistical tools, but also by 

technical innovations in sample preparation and NMR instrumentation. 

In conclusion, this doctoral work highlights the potential of NMR metabolomics 

both for elucidating mechanisms of action and for advancing innovative analytical 

approaches such as nhPHIP, thereby opening new avenues for future applications in 

pharmacology and neuroscience. 

 


