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ABSTRACT 

 

Asthma and chronic obstructive pulmonary disease (COPD) are chronic inflammatory 

respiratory illnesses with increasing mortality rates. Despite distinct pathophysiological 

differences, the differential diagnosis of these diseases can be challenging in some patients. 

Currently, physicians rely on patients’ history and therapy trials leading to misdiagnoses and 

disease management errors. Therefore, better diagnostic tests are needed. A recent untargeted 

proton nuclear magnetic resonance (1H-NMR) metabolomics study revealed 50 urine metabolites 

as candidate biomarkers for differentiating asthma from COPD. Since clinical validation of 

candidate biomarkers requires robust assays, we developed liquid chromatography-tandem mass 

spectrometric (LC-MS/MS) methods to meet this purpose.  

The metabolites were divided into four subgroups based on structure/concentration. 

Differential isotope labeling and hydrophilic interaction LC were utilized for method development. 

Methods were fully validated for clinical testing according to the FDA and European Medicines 

Agency guidelines. Two strategies of urine normalization were evaluated (creatinine vs. 

osmolality). Urine samples from asthma (n=51) and COPD (n=78) patients were analyzed for 41 

metabolites and statistical analysis was performed using partial least square-discriminant analysis 

(PLS-DA).  

The endogenous nature of the metabolites sometimes hindered the direct application of the 

regulatory validation guidelines. Accordingly, novel approaches were adopted to address the 

unexpected challenges. For example, since metabolite-free urine is not available, blank surrogate 

matrix and pooled urine were used during validation. The isotopic interference from the 

metabolites on their internal standards dictated atypical optimization and validation experiments. 
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PLS-DA successfully separated asthma from COPD using a validated model (R2Y= 0.851, Q2= 

0.759). Nineteen metabolites were identified as the most significant biomarkers for disease 

differentiation. To test the model, 27 samples were run blindly resulting in 82% accuracy. The 

involved biochemical pathways were identified. 

To expedite sample analysis, we compared between absolute (fully validated), relative and 

single point quantification strategies, since the last two are widely used in metabolomics studies. 

In general, while the three methods were precise, the fully validated method provided the most 

accurate data. Finally, to test the ruggedness of the analytical platforms, 17 urine samples were 

reprocessed after 28-months storage. The PLS-DA classification of the reanalyzed samples was 

100% identical to their initial results.   
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1.1. Asthma and Chronic Obstructive Pulmonary Diseases (COPD) 

1.1.1. Economic and Health Impact of Asthma and COPD 

Asthma and COPD are chronic respiratory diseases that constitute a serious health problem 

worldwide. Each disease greatly impairs a person’s ability to breathe. As such, they are a major 

cause of morbidity and they impose a huge economic burden on the society through direct and 

indirect costs [1]. Based on a study conducted by Krahn et al. [2], the total cost of asthma in Canada 

in 1990 was estimated to be between $504 million and $648 million. In 2011, more than $2 billion 

were spent annually in Canada on asthma. In fact, Canada is the considered one of the top countries 

with the highest rates of asthma [3]. The estimated annual societal cost of COPD in Canada was 

$4.52 billion in 2011 and is estimated to rise to $7.33 billion by 2035 [3,4]. 

As with other chronic diseases; the prevalence of asthma and COPD is continuously 

increasing in all ages, especially within vulnerable populations such as the elderly and children [1, 

5]. Low- and middle-income countries are more prone to these diseases in comparison to their 

higher income counterparts. In addition, differences in their prevalence and severity have been 

identified between ethnic groups living in developed countries such as the USA and Canada [6-9]. 

A cohort study reported the 2.1- and 1.6- times higher rates of emergency and office visits, 

respectively, for Canadian aboriginals for asthma and COPD compared to the non-aboriginal 

community [6]. Later, another systematic review showed that aboriginals from Canada and the 

USA are more likely to be affected by asthma than the non-aboriginal populations [9].  

According to the World Health Organization (WHO), 235 million people worldwide suffer 

from asthma, and in 2015; 383,000 people died of asthma [5]. COPD, on the other hand, is 

currently the third cause of death worldwide [5]. In 2016, a prevalence of 251 million cases of 
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COPD were reported in adults over 40 year [5]. Smoking is the primary risk factor, other factors 

include air pollution, occupational dust and chemicals [5]. Based on published estimates, there 

were 750,000 people diagnosed with COPD in Canada between 1980 and 1995 [10]. 

Due to the multidimensional aspects of these diseases, there is a great need to reduce the 

economic and personal burden that asthma and COPD create. Several approaches can be adopted 

that include: earlier and more accurate diagnoses, earlier recognition of the exacerbations, earlier 

and better tailored pharmacological interventions, better focused preventive measures and 

improved awareness of these diseases and their risk factors [1, 11, 12]. 

1.1.2. Current Knowledge of Asthma and COPD 

Both asthma and COPD are characterized by airflow obstruction and chronic airways 

inflammation; however, they differ in the specific inflammatory response and the site of 

inflammation [13-15]. COPD is characterized by the chronic and progressive inflammation of 

pulmonary airways, parenchyma and vasculature [11, 16]. Various inflammatory cells, most 

importantly neutrophils are increased in the lung. Inflammatory mediators continuously destroy 

lung structures causing the tissues to go into continuous cycles of injury and repair [15, 16]. As a 

consequence of these cycles, structural remodelling of the airway walls takes place including 

increased collagen and scar formation [16]. In addition, the inflammation of the lung is further 

augmented through the oxidative stress and the imbalance between proteases and antiproteases in 

the lung [11, 15, 16]. All these factors eventually cause the fixed airway obstruction leading to 

persistent and progressive dyspnea [15]. In advanced COPD, the decreased capacity of the lung 

for gas exchange causes hypoxemia and hypercapnia [16]. Besides direct impairments to the 

respiratory tract, COPD, like any chronic inflammatory condition, also has a systemic effect. 

COPD patients are known to suffer from weight loss and body wasting that result in poor prognosis 
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of the disease [17]. To date, none of the available therapeutic approaches can stop the progression 

of COPD. Therefore, pharmacological intervention for COPD aims at relieving the symptoms 

through the use of bronchodilators [13, 16].  

On the other hand, asthma has different pathology. The inflammation of asthma is most 

often an allergic-like response that includes eosinophils [15]. Eosinophils and mast cells produce 

cysteinyl-leukotrienes in addition to other mediators such as histamine, prostaglandins and kinins 

that cause bronchoconstriction, i.e., airways hyperresponsiveness [15]. While this inflammation 

affects various parts of the airways, it tends to spare the alveolar parenchyma, which is different 

from COPD [15]. The airway obstruction in asthma is variable and most importantly reversible 

either spontaneously or through treatment. Therefore, the eosinophilic inflammation of asthma is 

best controlled through the administration of corticosteroids, which is regarded as the first line of 

treatment for this disease but proven much less effective in COPD [15].  

1.1.3. Diagnosis of Asthma and COPD 

Despite the differences in their pathophysiology, the symptoms of asthma and COPD 

sometimes overlap and it is common for patients with asthma to show COPD-related airflow 

function signs and vice versa [13]. Moreover, there is an increased prevalence of asthma-COPD 

overlap syndrome (ACOS), in which patients demonstrate clinical features of both diseases [18-

23]. Consequently, in a typical primary care setting; the differentiation between both diseases can 

be difficult and it is usually biased by the history of the patient and pulmonary function tests (PFT) 

[11]. Although smoking is considered as the primary risk factor for COPD, recent data suggest 

that the burden of non-smoking COPD is much higher than previously believed [20]. Additionally, 

it is important to recognize that up to 30% of asthma patients are smokers, making the diagnosis 
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more difficult [21]. Using quality of life questionnaires to assess clinical symptoms described by 

a patient is often insensitive to the small changes in the inflammatory status [24]. 

Pulmonary function testing is used to show fixed or reversible airflow; which is the 

hallmark of these diseases. Unfortunately, this is neither sensitive nor specific [13, 25], especially 

with the elderly as aging decreases the normal lung volumes [16]. Moreover, spirometry and/or 

the special expertise needed for the interpretation of its results is not readily available in most 

primary health care centers in the world [1, 26, 27]. In fact, most family doctors do not get PFT. 

Additionally, measuring the peak expiratory flow using a peak flow meter also has a high inter-

subject variability as measurements are done by the patients themselves rather than trained 

technicians [28, 29].  

Additional tests have been developed. Induced sputum test is a method to measure 

inflammation in the airways, and could be a much better mean to differentiate COPD from asthma 

[24]. Unfortunately, it is quite labour intensive, causes patient discomfort, and it is not readily 

available in most clinical settings. The wide application of the induced sputum test is also being 

hampered because of the inability of children and some adult patients to produce valid and 

sufficient samples [24, 29]. Furthermore, the hypertonic saline used to induce sputum may 

temporary increase asthma symptoms and persuade bronchoconstriction [12].  

Elevation of nitric oxide levels in exhaled breath is correlated with airway inflammatory 

diseases characterized by eosinophilia [30]. Therefore, the measurement of the fractional exhaled 

nitric oxide (FENO) level is currently used in some centers as a tool to confirm the diagnosis of 

asthma or its exacerbations (uncontrolled asthma) [30]. This test, however, has some limitations 

such as limited specificity. For instance, it cannot detect non-eosinophilic inflammation seen in 
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some asthma cases [12]. In addition, it is not specific to eosinophilic asthma as elevated levels of 

FENO are also observed in other eosinophilic inflammatory respiratory diseases [30] as well as in 

acute respiratory viral infections [31]. FENO levels also vary with age and sex [32] and the 

equipment needed to perform this test is relatively costly which limits its widespread use in regular 

family doctor clinics [12]. Additionally, one study demonstrated that this test lacked the sufficient 

sensitivity to monitor minor changes in asthma status [33] and another study showed that its 

utilization to tailor the dose of inhaled corticosteroids resulted in their administration in 

unnecessarily higher doses in children [12].  

In conclusion, a simple and reliable test that can be routinely applied in regular outpatient 

clinics to distinguish between asthma and COPD is lacking. Physicians mostly depend on trials of 

therapies and the history and symptoms of the patient. The ultimate purpose of the work within 

this thesis aims at the identification and quantification of biomarkers that can be used for the 

diagnostic and prognostic differentiation between these overlapping diseases. 

1.2. Metabolomics and Biomarker Discovery 

Metabolomics is the comprehensive identification and quantification of metabolites in a 

biological system and it is the endpoint in the omics cascade that starts with activated genes 

(genome) along with gene transcripts (transcriptome) and proteins (proteome) [34-38]. The 

discovery of new diagnostic and prognostic biomarkers whether based on genomics [39-41], 

proteomics [40, 42] or metabolomics [43, 44] is one of the essential cornerstones in the field of 

biomedical research. Out of the “omics” family, metabolomics is characterized by its high dynamic 

flux, where changes in metabolite concentrations, in response to a stimulus, can occur within 

seconds [34]. On the contrary, changes in the gene expression or enzyme activity/production are 

comparatively much slower processes that can be measured in minutes or hours [34]. Therefore, 
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one effective strategy for the early detection of a disease, even before the appearance of clinical 

symptoms, is to assess the disease associated changes at the metabolome level [34]. In fact, 

investigating the human metabolome has the ultimate goal of providing valuable diagnostic and 

prognostic biomarkers that can be routinely detected or quantified in typical clinical settings.   

The Human Metabolome Database (HMDB) is being continuously updated to include all 

known metabolites; their biofunctions, pathways, locations as well as normal and abnormal 

concentrations. Here they are chemically categorized into a hierarchical pattern of kingdoms, super 

classes, classes and sub classes [45, 46]. Metabolites comprise diverse classes of low-molecular 

weight compounds, typically less than 1500 Da, such as; amino acids, lipids, organic acids and 

nucleotides [36, 38, 45, 46]. They are of heterogeneous physicochemical properties 

(hydrophobicity/hydrophilicity, acidity/basicity) and they exist in wide concentration ranges 

(pmol-mmol) [34, 36, 45-47]. Adding more to the complexity of the metabolome; metabolites are 

not specific to a single disease pathway as the case with proteins or genes. In most cases, several 

biochemical reactions can contribute to the production of a single metabolite [48]. Diet as well as 

genetic and environmental stimuli are also known to influence the normal metabolomic profile 

[49-51]. 

Among the various bodily fluids, urine is an appealing option for biomarker discovery. 

Urine collection is non-invasive and can be readily obtained in large quantities with high 

participant compliance. In addition, it poses low risk of infection to researchers [38, 52]. 

Concentrations of metabolites in urine are often higher than that of plasma, thus providing a richer 

matrix for analyses [38, 50, 52]. One concern with the use of urine is the high concentration of 

salts that can affect ionization in mass spectrometry (MS). However, salts can be typically removed 

or decreased through simple sample preparation [38]. 
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Currently, there are two main approaches by which metabolomics studies can be 

conducted, namely through the targeted and untargeted approaches (Figure 1.1) [36]. The targeted 

approach aims at identifying and quantifying a preselected category of metabolites within a sample 

[36, 37, 53-55]. Selection criteria can be either based on a common chemical functional group such 

as amino or carboxylic acid functionality or based on specific biochemical pathways or a proposed 

hypothesis [34, 36, 53-55]. On the other hand, profiling or the untargeted or global approach 

compares metabolomic profiles between analogous samples in an attempt to track changes in 

response to some internal or external factors (e.g., a disease, toxin or environmental insult) [36]. 

Targeted and untargeted analyses are complementary and their integrative implementation in 

biomarker discovery reveals the true power of the metabolome in understanding complex 

biochemical pathways. In fact, as seen in Figure 1.1, biomarker discovery involves sequential 

steps of first determining the differences in the metabolomic profiles between samples, then 

statistically selecting the key altered metabolites as potential biomarkers. Secondly, targeted 

metabolites are quantified, and their differential expression is further justified through the 

understanding of the underlying biochemical pathways.  
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Figure 1.1. Strategies in metabolomics analysis for biomarker discovery 

 

1.3. 1H-NMR vs. MS in Urine Metabolomics Analysis  

Low molecular weights, high polarities and vast differences in physicochemical properties 

are common properties of many urine metabolites. Accordingly, based on the current analytical 

technologies, a single separation or detection technique that can simultaneously identify all 

metabolites within a urine sample is not available [36, 56]. Therefore, different analytical 

approaches must be adopted according to the properties of the metabolites being investigated and 

the specific goal of the experiment [36, 56, 57].  
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Proton nuclear magnetic resonance (1H-NMR) has been widely used in metabolomics. It 

can simultaneously identify and quantify a wide range of compounds in µM concentrations and it 

has the advantages of being non-destructive. It is highly reproducible and does not require 

chemical derivatization or complex sample pre-treatment steps. In addition, it does require the 

ionization of the analytes within their complex matrices [34, 36, 38, 58-60]. A typical urine 1H-

NMR spectrum compiles thousands of sharp lines potentially representing low molecular weight 

metabolites. Absolute concentration of metabolites can be determined using different approaches 

such as the use of internal standard (IS), a reference library of the standard compounds or through 

quantification via separate means of analysis such as standard addition [61]. Despite these 

advantages, 1H-NMR has its own limitations. For instance, the utilization of 1H-NMR requires the 

precise control of the solution’s pH (to be within 0.05 units) in order to allow for accurate 

identification [58]. In addition, it requires large sample volume, and as a major drawback, it suffers 

from low sensitivity especially when analyzing complex matrices. Spectral deconvolution of 

complex 1H-NMR spectra primarily depends on skilled operators for the identification and 

quantification of metabolites. Accordingly, for low-abundant metabolites; signals overlap and poor 

signal shape hinder their unambiguous identification [38, 58]. Therefore, 1H-NMR is mostly 

appropriate for the identification and quantification of highly abundant metabolites [34, 36, 58, 

59]. In fact, due to its ability to handle complex data from urine, 1H-NMR is a convenient platform 

technology for launching a metabolomics study for a certain disease or a medical condition [58].  

In contrast to 1H-NMR, MS has the advantages of higher accuracy, sensitivity and 

selectivity. Moreover, with the advantage of MSn product ion formation, mass spectrometry is 

more powerful than 1H-NMR in the identification of metabolites in the untargeted approach [34, 

47, 57, 62]. When combined with chromatographic separation, MS allows for the detection of 
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thousands of compounds in a global manner as well as the quantification of metabolites in targeted 

analysis [34, 38, 47]. Indeed, recent improvements in MS have expanded the range of metabolites 

that can be analyzed in urine. Indisputably, MS-based techniques are currently the most employed 

analytical tools in metabolomics studies [34, 49, 54, 62].  

1.4. Urine Metabolomics in Asthma and COPD 

The literature is being updated with metabolomics studies in asthma and COPD. However, 

it can be reasonably suggested, based on available literature, that metabolomics of respiratory 

diseases is still at its infancy [63-74]. Accordingly, the need for identifying the perturbations at the 

metabolome levels in response to asthma and COPD encourages us to further investigate the 

urinary metabolome with the ultimate target of identifying and confirming diagnostic urine 

biomarkers.  

In 2007, Saude et al. [64] demonstrated that asthmatic guinea pigs exhibited an altered 

urinary metabolomic profile compared with the control animals using 1H-NMR. Separation 

between animal groups was achieved with accuracy within 80-90%. Employing the same 

technique, urine of children with stable asthma was proven to contain a unique pattern of 

metabolites that was distinguishable from the urine of healthy children as well as children with 

unstable asthma with 94% accuracy [65]. Recently, Adamko et al. [66] reported that the urinary 

metabolomic pattern can be used for the correct diagnosis of blinded asthma and COPD subjects 

with 87-95% accuracy. The partial least square-discriminant analysis (PLS-DA) of the urine 1H-

NMR data obtained from a total of 148 asthma and COPD patients found unique differences in 

selected metabolites between these two patients groups (Figure 1.2) [66]. 
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Figure 1.2. PLS-DA prediction scores for each subject in the asthma/COPD 1H-NMR study by 

Adamko et al. [66]. The PLS-DA algorithm separates groups of data based on a score of 0 to 1. In 

this case a value of greater than 0.5 indicates the subject has asthma, whereas a value of less than 

0.5 indicates the subject has COPD [66]. 

Despite the fact that the urinary metabolomic composition varies with diet as well as with 

collection time [51], urine samples used in these studies were intentionally collected randomly 

without any dietary restrictions [64-66]. The authors confirmed that their primary target is to 

identify diagnostic metabolites that can be routinely detected in typical clinical settings. Therefore, 

these studies were only concerned with metabolites that are differentially expressed at a level 

higher than that normally observed due to diet, collection time or interpersonal variability. In other 

words, only metabolites that outweigh the influence of such confounders were to be quantified in 

the urine of diseased and healthy subjects [64-66].  
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1H-NMR was also used to compare the extent of changes in the urine metabolome of COPD 

patients with that obtained from other biological fluids. McClay et al. [67] studied the metabolomic 

profiles of COPD in urine and plasma. High concentration of urinary trigonelline, hippurate and 

formate were found to be positively linked to the improved baseline lung functions. The authors 

suggested that the inter-individual variation in the gut microflora may explain the altered hippurate 

and formate levels between healthy and COPD subjects. While that study was able to correlate the 

concentration of these metabolites to the baseline lung functions, it could not draw a relationship 

between the metabolites’ concentration and the decline in lung functions. Contrary to the findings 

obtained from the urine samples, analysis of the plasma samples of these patients revealed no 

significant metabolite biomarkers [67].  

The variations in metabolite expression was also found more significant in urine than in 

serum in the 1H-NMR study conducted by Wang et al. [68]. In this work, samples were collected 

from 21 healthy controls and 32 COPD patients. The multivariate statistical analysis revealed that 

COPD samples showed a decrease in urinary 1-methylnicotinamide, creatinine and lactate levels 

with the concomitant increase in acetate, ketone bodies, carnosine, m-hydroxyphenylacetate, 

pyruvate, phenylacetylglycine and α-ketogluatrate. A decrease in branched chain amino acids and 

an increase in glycerophosphocholine were observed in the serum samples of these patients [68]. 

In another 1H-NMR study, data gathered from 31 serum, 27 urine and 16 exhaled breath 

condensate metabolites was combined to differentiate between patients with COPD and 

obstructive sleep apnea syndrome (OSAS) [69]. OSAS shows overlapping symptoms with COPD, 

moreover, 10-20% of COPD patients are reported to have OSAS. It was found that only a set of 

10 urinary metabolites provided the most accurate differentiation between the two clinical 

conditions. Data gathered from urinary metabolites provided the strongest model for the 



 

14 
 

differentiation between COPD and OSAS patients. Unexpectedly, alterations of metabolites levels 

in the exhaled breath condensate (EBC) were not sufficient to draw a definite discriminating 

conclusion between these two patients groups [69]. Due to the importance of the findings [69], a 

commentary letter was shortly published by Maniscalco and Motta [75] to address the results from 

the OSAS and COPD study [69]. In their comment, they suggested the need to stratify participants 

based on OSAS and COPD severity to avoid bias. It was also suggested that more investigations 

are needed before a conclusion can be drawn on the non-specificity of the EBC samples in this 

study. Finally, they expressed the necessity of more detailed data on the obesity of the participants, 

since it is a critical cause for OSAS [75]. 

In addition to the use of 1H-NMR in urine metabolomics of asthma and COPD, studies 

employing chromatographic-MS methods were also reported. 1H-NMR was combined with two 

dimensional gas chromatography- time of flight (GC×GC-ToF) to compare the urinary 

metabolomic profiles of asthma patients in stable and unstable states [70]. The authors observed 

significant differences in metabolite expression between both states despite the small sample size 

(10 patients) and the limited coverage of the metabolome to volatile aldehydes and alkanes. Each 

participant provided a urine sample shortly after emergency department admission for asthma 

exacerbation and another sample 6-8 weeks after discharge [70]. By 2016 [71], more patients were 

recruited (57 patients) and 34 volatile alkanes and aldehydes were quantified in urine using 

GC×GC-ToF. The authors were able to confirm the alteration in lipid peroxidation in asthmatic 

patients and the correlation of the oxidative stress to eosinophilic inflammation and asthma 

severity [71].  
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In an untargeted approach, an ultra high-performance liquid chromatographic (UPLC) 

method coupled to QToF-MS was developed for the positive and negative mode profiling of the 

urine metabolome of asthmatic children [73]. The findings within this study suggested the high 

potential of urine metabolomics in asthma diagnosis as well as differentiating between its related 

phenotypes. Additionally, two of the differentially expressed metabolites between healthy and 

asthmatic children were identified, namely urocanic acid and methyimidazole acetic acid [73].  

On the other hand, targeted analysis was also conducted to monitor the changes in the urine 

metabolome of asthma. A platform of three liquid chromatography- tandem mass spectrometry 

(LC-MS/MS) methods was used to quantify 13 urinary eicosanoid metabolites. Urine samples 

were collected from 16 atopic asthmatic patients before and after allergen provocation. Paired 

student t-test was used for statistical analysis. Out of the 13 quantified metabolites, six 

prostaglandins, isoprostane and leukotriene metabolites were significantly altered following the 

challenge [72]. 

While all of the aforementioned reports studied the urine metabolome to accurately 

diagnose and prognose asthma or COPD, two very recent publications investigated the abnormal 

response of asthmatic patients to medications. The first untargeted study used linear ion trap- 

Fourier transform ion cyclotron resonance (LIT-FTICR) to find differences in the urinary 

metabolome between corticosteroid responders and corticosteroid non-responders asthmatic 

children [76]. The second untargeted study used UPLC-ToF to find differences in the metabolome 

of aspirin tolerant asthma and aspirin exacerbated respiratory diseases [77]. In both studies, 

promising results were obtained indicating the usefulness of the urine metabolome to differentiate 

between each groups pair. 
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In summary, metabolomics studies in asthma or COPD can be designed to study different 

patient groups. At a basic level, some studies were primarily concerned with the differentiation of 

asthma or COPD patients from healthy participants who don’t show any respiratory problems. 

This is not clinically useful in regular outpatient clinics since simple questions can discern a 

problem. A second challenging level is the differentiation between different stages of severity for 

COPD or asthma (stable vs. unstable) or between asthma patient groups responding differently to 

medications. This would affect the drug choice and when to initiate therapy. A third metabolomics 

stream is to differentiate the overlapping respiratory diseases. To the best of our knowledge, only 

one urine metabolomics study concerned with the differential diagnosis of asthma and COPD was 

conducted in a semi-targeted approach using 1H-NMR [66]. A list of 50 highly polar low molecular 

weight metabolites was suggested for further clinical validation. In order to achieve a diagnostic 

tool for the differentiation of asthma from COPD, LC-MS/MS is needed. LC-MS/MS can be used 

for the development and validation of methods for the absolute quantification of these metabolites 

in patient urine samples in order to reveal a final model of potential biomarkers.  

As the aim of this work is to detect the differences in the concentrations of the selected 

urine metabolites, it is crucial to conserve the metabolomics picture of the urine samples collected 

from the asthma and COPD patients along the course of the study. Accordingly, in the following 

sections, a detailed description of the proper protocol for handling urine samples in metabolomics 

studies is given. 
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1.5. Handling of Urine Samples for MS Analysis  

Bacterial, biogenic enzymatic reactions and non-biogenic oxidation reactions of 

metabolites are reported to alter the metabolomic profile of urine [78-86]. Bacterial enzymes are 

known to be active towards several metabolites such as urea [83], choline [84] and creatinine [85]. 

Biogenic enzymes, namely glucuronidase and sulphatase maintain their conjugate-hydrolytic 

activity in normal urine for a period up to 10 days after collection [82]. In addition to enzymatic 

degradations, some labile compounds like catecholamines are easily oxidized into their 

corresponding quinones when kept at 37 ºC for 1-2 days or at 20 ºC for 4-8 days [86]. Therefore, 

the main target of urine sample collection and preparation is to ideally maintain the metabolomics 

state of the original sample, and to halt chemical/enzymatic reactions in urine that might give a 

misleading metabolomics picture of the analyzed samples [34, 78, 86, 87]. The following sections 

describe the available sampling modes, proper sample clean-up procedures as well as appropriate 

conditions for storing urine samples until the time of analysis.  

1.5.1. Urine Sampling Time 

Urine samples can be collected randomly [50, 64, 65, 88], at pre-set time intervals [89, 90], 

for up to 24 hrs [89-92] or for longer periods (e.g., pharmacokinetic studies) [90]. Mid-stream 

random sampling can be done anytime of the day, and it does not correct for the diurnal variation 

of excretion of some metabolites [80]. On the contrary, timed sampling is used to monitor the exact 

excretion pattern of metabolites exhibiting a circadian rhythm. It could also monitor metabolites 

produced following special diet, xenobiotic consumption, or response to a stimulation (e.g., 

radiation exposure) [80]. One drawback of the 24-hrs sample collection technique is that it cannot 

provide information regarding the diurnal variation of excretion or the timing of excretion in 

response to stimuli [80]. In contrast, despite being labour intensive, this sampling procedure 
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eliminates the vast variation in urine profile observed at shorter times of collection. As such, it 

gives the most accurate quantification of clinically important metabolites [93, 94].  

Ultimately, the purpose of the experiment dictates the proper sampling mode. For instance, 

changes in the urine profile of mice following the exposure to different doses of sub lethal gamma-

radiation were evaluated [90]. Sampling protocol involved the collection of urine at 4 hrs intervals 

after exposure for a period of 20 hrs. In addition, subsequent full 24 hrs urine samples were 

collected at 3, 5, 7 and 9 days following exposure. Six purine and pyrimidine derivatives exhibited 

significantly altered excretion behavior and were suggested as possible biomarkers for sub lethal 

radiation exposure. Elevated metabolites exhibited a time dependent excretion rate, where peak 

concentrations were detected in urine at 8-12 hrs after exposure and baseline levels were restored 

by 36 hrs following radiation [90]. In general, timed sampling over extended periods of time, 

despite being time consuming, is a fit for purpose approach when metabolomic changes are being 

studied in response to a one-time insult such as drug consumption or radiation exposure as in the 

abovementioned example. However, for detecting disease-specific diagnostic or prognostic 

biomarkers, morning or random urine samples are favored. In addition, follow up samples 

throughout the course of the treatment should also be collected. For instance, in the work of Saude 

et al. [64, 65] as well as Adamko et al. [66], urine samples were collected without placing any 

restrictions to time of collection or diet prior to collection. Statistical analysis of the obtained data 

still revealed sufficiently altered urinary metabolomic profiles that allowed the differentiation 

between healthy and asthma guinea pigs [64], children [65] and asthma and COPD patients [66].  
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1.5.2. Sample Preparation 

Normal urine is composed of 95% water, organic compounds, electrolytes and metabolites 

with lower protein content in comparison to more complex biological fluids such as serum or 

plasma [80, 89]. Therefore, in general, urine sample preparation is one of the simplest processes 

employed in bioanalysis and the complexity of this step usually differs according to the aim of the 

experiment [34, 80]. Sample preparation in untargeted analysis aims at keeping the sample as intact 

as possible containing all unknown metabolites with various physicochemical properties [34, 80]. 

The method employed should be non-selective, fast, simple and reproducible [80]. For these 

reasons, the simplest non-selective sample preparation procedure is sample dilution or 

ultrafiltration [87]. “Dilute and Shoot” is a strategy for the preparation of simple biological 

matrices as urine. In this approach, the samples are only diluted with the appropriate solvents prior 

to their injection (shooting) into the analytical system [87, 95]. On the other hand, ultrafiltration 

uses molecular weight cut-off filters of 3000 Da or higher providing better coverage for low-

molecular weight compounds in global urine metabolomic analysis [87, 96].  

In targeted analysis, where a limited group of metabolites are investigated, selective 

analytical extraction techniques such as solid phase extraction (SPE) or liquid-liquid extraction 

(LLE) can be used for pre-concentration and clean-up purposes [34, 80, 92, 97]. For example, 

phenolic conjugated metabolites and colonic microbial metabolites that are produced due to 

regular cocoa consumption were extracted from plasma and urine using simple and fast SPE 

procedures [92]. Quantitative analysis of the extracted urine samples using LC-MS/MS revealed 

the significant increase of phase II metabolites including glucuronide and sulfate conjugates of 

epicatechin, O-methyl-epicatechin, 5-(3′,4′-dihydroxyphenyl)-γ-valerolactone and 5-(3′-methoxy-
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4′-hydroxyphenyl)-γ-valerolactone. The findings suggest the aptness of these compounds as 

urinary biomarkers of the consumption of flavanol rich food [92].  

Despite being an older technique relative to SPE, LLE is still capable of providing clean 

samples for metabolomic analysis. For example, carboxylic acids urinary metabolomic profiles 

generated using pre-column derivatization reaction followed by reverse-phase (RP)-LC-FTICR 

were compared with and without the incorporation of a LLE clean-up step (Figure 1.3) [97]. It 

was shown that the additional pre-concentration improved the sensitivity of quantification of 

organic acid metabolites. Moreover, water in urine, which reacts with the derivatizing reagent and 

thus reduces the reaction efficiency, was eliminated through the additional LLE process. 

Interference from highly abundant amino acids was also removed allowing the detection of other 

acids present in low concentrations. As a result, 2491 MS peaks were detected in urine samples 

after LLE in comparison to 874 peaks detected without extraction [97].  

Fresh urine is characterized by the presence of human cells, bacteria and non-cellular 

components including urates and mucus filaments [78, 81]. Accordingly, prior to analysis, urine 

samples can be treated either through filtration, centrifugation or via the addition of a preservative 

[78]. It was shown that sample preparation through the spinning of undiluted raw urine samples at 

10,000 rpm for 10 min was less effective in conserving the metabolomic composition in 

comparison with filtration through 0.22 µm syringe filter [78]. The addition of  sodium azide, a 

preservative, in a concentration of 10 mM provided better metabolome stability after a 4-week 

storage period at room temperature in comparison with lower concentrations [78]. Filtration 

showed additional ability to preserve the metabolomic profile during storage which can be 

attributed to bacterial removal. However, the loss of larger metabolites through filtration should 

be taken into account [78].  
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Figure 1.3. Base-peak chromatogram of the urinary profiles before and after the incorporation of 

LLE for the determination of carboxylic acid submetabolome using pre-column derivatization 

followed by RPLC-FTICR-MS [97] 

1.5.3. Sample Storage 

Following sample collection, immediate freezing is usually recommended in order to 

quench any rapid degradation activity such as oxidation of labile metabolites as well as various 

enzymatic reactions [60, 78, 80, 81, 98]. Sykes et al. [78] demonstrated significant changes in a 

considerable number of metabolites in both male and female urine samples after a 4-week storage 

period at 22 ºC using 1H-NMR combined with analysis of variance (ANOVA) and t-test statistical 

tools. Creatinine decreased significantly due to bacterial creatininase activity with the concomitant 

rise in creatine levels [78]. This instability is concerning as normalization to creatinine, as 
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discussed later, is the most widely employed method for the correction of urine volume variation 

[60]. Storing urine samples at 4 ºC for 4 weeks in the same study resulted in an altered urine 

metabolomic profile. However, that variation was less significant in comparison with samples 

stored at room temperature [78]. Similarly, metabolomic changes were observed in urine following 

a week of storage at 4 ºC using 1H-NMR [99]. A decrease in hippurate concentration was observed 

with the simultaneous rise in its degradation products; benzoic acid and glycine. Long term sample 

storage at the same conditions (above 1 week) caused further increase in acetate and decrease in 

histidine and citrate concentrations [99]. Likewise, another study confirmed the degradation of 

metabolites and the production of artefacts in urine samples stored at 4 ºC [100]. 

On the contrary to the above discussed studies,  it was demonstrated that storing urine 

samples at 4 ºC for 24 hrs after collection and prior to storage at -80 ºC did not alter the 

metabolomic profile compared with samples directly stored at -80 ºC [101]. Samples were 

analyzed using gas chromatography (GC)-ToF MS and statistical analysis of the results was 

achieved using univariate statistical analysis as well as principle component analysis (PCA) [101]. 

Interestingly, another study supported the notion of fridge stability by indicating that urine sample 

storage at 0-4 ºC in a fridge or cooled autosampler for up to 48 hrs maintained the metabolomic 

integrity of the samples [102]. Analysis was performed using LC-triple quadrupole linear ion trap 

(QqQ-LIT) and UPLC-QToF MS and results were analyzed using PCA [102].  

Concerning the optimum freezing temperature for long term storage, Gika et al. [102] 

proved that the PCA score plots of urine samples analyzed using high-performance liquid 

chromatography (HPLC-MS) as well as UPLC-MS after storing at either -20 or -80 ºC for a period 

of up to 6 months did not show any significant differences. This study, however, did not confirm 

whether or not the stored samples are identical to the original ones at the time of collection [102]. 
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Similarly, Lauridsen and co-workers [99] confirmed their stability results by obtaining identical 

1H-NMR patterns for urine samples stored for 26 weeks at either -25 ºC or -80 ºC. In addition, it 

was demonstrated that no benefits are obtained from the addition of 15 mM sodium azide to 

samples intended to be stored at either temperatures for 26 weeks [99]. Another HPLC-MS study 

confirmed the necessity of storing urine at -20 ºC or at even lower temperatures in order to maintain 

the integrity of the samples [100]. Clearly, stability of metabolites is maintained at lower 

temperatures of storage; however, a conclusive agreement on the urine metabolome behavior at 

higher storage temperatures (0-4 ºC) is lacking. The exact reason beyond these conflicting reports 

cannot be easily identified. Such variations can be attributed to the nature and the intrinsic stability 

of the investigated metabolites and whether or not the metabolite is a substrate for enzymatic or 

non-enzymatic degradation. Other factors include the number of participants, time of urine 

collection, methods of sample preparation and methods of analysis. It can be also deemed that the 

metabolomic integrity is gradually lost at higher temperatures (0-4 ºC). That can explain the 

conflicting results for 24 hrs and 48 hrs storage periods vs 1 week and longer times of storing.  

1.5.4. Freeze-Thaw Stability 

It is recommended that freeze-thaw cycles are to be avoided as much as possible to prevent 

potential degradation; urine samples should be frozen in a pre-aliquot fashion following collection 

[87, 89]. Urine samples that were frozen at -80 ºC and thawed twice per week for 4 weeks showed 

reduced metabolomic stability in comparison to non-thawed ones stored at the same temperature 

[78]. In contrast, Gika et al. demonstrated urine sample stability for up to nine freeze-thaw cycles 

[102]. It should be noted, however, that samples in the latter study were stored at -20 ºC and were 

allowed to thaw at room temperature for 3 hrs for 9 days (one cycle/day) [102]. The shorter study 

period (9 days vs. 4 weeks) may explain the relative stability of urine samples despite the similar 
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number of freeze-thaw cycles. Interestingly, Trivedi et al. [100] evaluated the stability of urine 

after five freeze-thaw cycles from -20 ºC over 5 days and found that the urinary profiles can be 

maintained only up to three cycles. Again, different sets of investigated metabolites can exhibit 

different stabilities, however, due to the lack of comprehensive studies on freeze and thaw stability, 

this procedure should be avoided, or minimized as much as possible in urine metabolomic analysis. 

1.6. MS Techniques Employed in Urine Metabolomics Analysis  

The comprehensive analysis of metabolites within urine is, unfortunately, a technical 

challenge due to their diversity in physiochemical properties, concentrations, stabilities and 

excretion patterns. Different MS platforms have become indispensable cornerstones in system 

biology due to their inherent sensitivity, specificity and quantitative capabilities. However, each 

of these MS-based techniques has its own advantages and limitations concerning sensitivity, 

separation efficiency and cost. Therefore, the best strategy for holistic metabolomic visualization 

is, logically, through the application of complementary analytical tools [34, 47, 48, 57, 62, 103]. 

A wide variety of ionization sources are available, though electron impact (EI) and 

electrospray ionization (ESI) are the most commonly used ionization techniques in metabolomics 

analysis [34]. EI is the ionization of choice when GC is utilized, whereas ESI allows coupling of 

LC or capillary electrophoresis (CE) to MS [34, 57]. In the global approach, it is advantageous to 

analyze the same sample in the positive and negative ion modes; such a protocol provides a broader 

metabolome coverage through the detection of two metabolite sets that can substantially differ in 

chemical structures [36, 55]. ToF, QToF, FTICR-MS and Orbitrap are high resolution mass 

analyzers that allow for the identification of co-eluting metabolites with the same nominal mass. 

Therefore, these are the analyzers of choice in the untargeted metabolomics approach [89, 104, 

105]. QqQ, however, are more suited for quantitative purposes in targeted analysis due to their 
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higher sensitivities [89, 104]. Although the use of neutral loss and precursor/product ion scan in 

urine metabolomics is reported [106-108], multiple reaction monitoring (MRM) provides the 

highest sensitivity and a wider dynamic range [109]. Additionally, QqQ-LIT combines the high 

selectivity of the MRM function of the QqQ with the trap’s ion storing capabilities, and hence, 

higher sensitivity is achieved. The use of QqQ-LIT allows for the generation of MSn product ions 

for more comprehensive structural elucidation [110].  

Coupling of high resolution mass spectrometers such as the Orbitrap with a quadrupole (Q) 

or LIT front end has introduced a bridging technique suited for both; targeted and untargeted 

metabolomics [111-113]. The high mass accuracy and resolution power of the Orbitrap allows for 

the separation of metabolites with the same nominal masses and the detection of a larger number 

of compounds within a sample in comparison to a merely QqQ or QqQ-LIT [111]. Typically, in a 

hybrid Q-Orbitrap (i.e., Q-Exactive®) or LIT-Orbitrap, the quantification of metabolites is 

achieved in the single ion monitoring (SIM) or full scan mode. The presence of a preceding ion 

filter allows a smaller m/z mass range to pass on to the Orbitrap, thus increasing the sensitivity of 

detection [112]. In addition, the MS/MS capability of the LIT facilitates further identification and 

structural elucidation of the detected metabolites [111].   

1.6.1. Direct Injection (Infusion) Mass Spectrometry (DIMS) 

In this approach, the diluted urine sample is directly infused into ESI-equipped mass 

spectrometers without any prior chromatographic separation. Undiluted urine, however, is rarely 

used due to the high concentration of contained salts that are not normally removed via filtration. 

Injection can be done via a syringe or in an automated direct flow injection mode (DFI). In DFI, 

the sample passes through lines of the LC pumping systems without any chromatographic 

separation thus allowing for the fast and accurate introduction of various solutions from different 
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LC vials placed in the autosampler [34, 36, 62]. DIMS is a powerful tool for structural elucidation 

of hundreds of metabolites within a single run. Therefore, with its short analysis time and 

comparable prediction capabilities to LC-MS, it can be regarded as a “fit for purpose” approach in 

high throughput untargeted metabolomics [114]. However, despite its high detection power for all 

contained metabolites, this technique is limited by its inability to distinguish between isobaric 

molecules such as; stereoisomers (hexose sugars) or structural isomers (leucine and isoleucine), 

which possess the exact same molecular weights [34, 36, 47]. In addition, DIMS exhibits 

remarkably high ionization suppression [34, 36, 47, 89]. A 60% ion suppression of ISs spiked in 

rat urine was observed in comparison with ISs spiked in saline solution despite the removal of salts 

from urine using online SPE extraction (Figure 1.4) [36]. DIMS can also cause the rapid 

deterioration of the performance of the instrument due to non-volatile residues [36]. Because of 

such hurdles, its use is limited to high-throughput screening purposes when a large number of 

samples are investigated for fingerprinting or putative identification [59, 104]. Due to the 

anticipated increase in metabolomics studies, recent reports investigate possible means to 

overcome the technical challenges facing the widespread use of DIMS. For instance, non-volatile 

residues are required to be regularly removed through routinely scheduled maintenance of the ion 

source [114]. In addition, Kirwan et al. have recently developed computational workflows that 

significantly decreased the analytical variation to the acceptable levels as per the Food and Drug 

Administration (FDA) guidelines for new biomarker discovery [114, 115]. 
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Figure 1.4. Online SPE extraction of (A) saline solution and (B) rat urine, spiked with internal 

standards and analyzed in the positive mode using ESI-ToF-MS. Internal standards used: 1) 

Indole-3-acetic acid-d2, 2) 11-aminoundecanoic acid, 3) Melatonin-d4 [36]. Signals were 

suppressed by 60% in (B) due to urine matrix effects. 

 

Due to matrix complexity, DIMS is usually coupled with high resolution mass analyzers 

such as FTICR-MS or ToF [34, 36, 47, 116, 117]. FTICR-MS was used to detect differences in 

metabolomic profiles of rat urine due to amiodarone induced phospholipidosis [116]. The PCA 

score plots confirmed that amiodarone treated-rat urine was different in biochemical composition 

than control urine. About 20% of the detected ions were altered by more than 1.5-fold due to 

amiodarone dosing. Furthermore, the identities of three altered metabolites were confirmed 

through MS/MS analysis [116]. Similarly, the analysis of urine samples collected from 55 cancer 

patients using DFI-MS coupled to QqQ-LIT was able to confirm that body lean and fat mass in 

cancer patients produce distinct urinary metabolomic profiles compared to healthy subjects [118]. 
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In conclusion, the widespread use of DIMS in urine metabolomics is currently being hampered by 

many technical and analytical challenges. With the continuously evolving research for improving 

its performance, an increase in the application of DIMS in urine metabolomics is anticipated in the 

future. However, due to its intrinsic limitations, the use of DIMS is more likely to be confined to 

high throughput screening and relative quantification purposes. 

1.6.2. Gas Chromatography- Mass Spectrometry (GC-MS) 

The use of GC-MS is inherently biased towards low molecular weight volatile compounds 

[34]. Various chemical derivatization reactions can be employed  to enhance the volatility of 

metabolites [34]. In general, oximation for keto stabilization, followed by trimethylsilylation with 

various reagents such as bis-(trimethylsilyl)–trifluoroacetamide (BSTFA) convert metabolites 

bearing diverse functional groups (-COOH, -NH2, -OH, -SH and others) into volatile products [34, 

119-122]. However, these types of reactions consume longer times and produce lower stability 

products relative to the simpler alternative alkylation reactions with reagents such as ethyl 

chloroformate (ECF) (Figure 1.5) [34, 122]. 
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Figure 1.5. General scheme of the trimethylsilylation (BSTFA) and alkylation (ECF) reactions in 

GC-MS. 
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GC-MS is generally used in urine metabolomics studies especially in the area of cancer 

biomarker discovery. A global metabolomic profiling approach of urine using GC-ToF and UPLC-

QToF identified 31 metabolites involved in bile acid, fatty acids, urea cycle and methionine 

metabolism as candidate diagnostic biomarkers in human hepatocellular carcinoma (HCC) [123]. 

Samples were collected from 177 participants (82 HCC patients, 24 benign liver tumor patients, 

71 healthy controls). For GC-ToF, samples were diluted 1:1 with water (final volume 600 µL) and 

spiked with L-2-chlorophenylalanine as the IS. Derivatization was achieved using ECF to yield 

volatile derivatives that were analyzed following LLE extraction [123]. Note that these 

metabolites, with the exception of threonine and hypoxanthine, were totally different than those 

detected in an earlier study which employed GC-MS coupled to a lower resolution mass analyzer, 

Q, to differentiate between HCC and healthy participants [124]. In the latter work, samples from 

20 patients were used to identify 18 metabolites as potential diagnostic markers for HCC [124]. A 

relatively larger urine volume (1 mL) was spiked with the aforementioned IS, filtered and 

derivatized with BSTFA [124]. With the exception of three biomarkers, the differential expression 

of the detected metabolites was not justified nor were their relevant metabolic pathways illustrated 

[124]. The significantly larger number of detected biomarkers in the first study [123] can be 

attributed to its complementary use of two high resolution techniques.  

A computational method was employed to identify nine genome-wide altered metabolomic 

pathways in breast cancer [125]. One hundred and twenty-eight candidate biomarkers were 

selected. These metabolites were identified in the urine of 100 participants using GC-MS. The 

authors were able to recognize four metabolites (homovanillate, 4-hydroxyphenylacetate, 5-

hydroxyindoleacetate and urea) to be statistically different between healthy and breast cancer 

patients [125]. GC-Q-MS was also used in untargeted and targeted approaches to differentiate 
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between breast, cervical and ovarian cancer patients using urine samples [103]. Statistical analysis 

of the result in the untargeted approach could only distinguish breast cancer from the other two 

types. When combined with the LC-MS method, the targeted approach was able to confirm the 

previously reported nucleosides, 5-hydroxymethyl-2-deoxyuridine and 8-hydroxy-2-

deoxyguanosine, as diagnostic biomarkers for breast cancer and suggested three new potential 

biomarkers for ovarian cancer [103].  

To enhance the analytical performance of GC, GC×GC coupled to MS was introduced. It 

is a relatively newer technique that has been used in metabolomics studies providing superior 

sensitivity and resolving power in comparison with conventional GC-MS [126]. A GC×GC-ToF 

method was able to target and quantify markers of six inherited metabolic disorders, which was 

not achievable with a GC-Q-MS method [127]. Recently, a GC×GC-ToF method was applied to 

an untargeted comprehensive evaluation of volatile metabolites in human urine [128]. Samples 

were extracted using solid phase micro extraction (SPME) prior to analysis. A total of 700 peaks 

were detected per sample, indicating the rich composition of urine for volatile compounds. 

Additionally, the volatile urine metabolomic profiles obtained from smokers and non-smokers 

were also compared and differentiated. The investigation was possibly the most complete 

informative study covering the volatile metabolite composition within human urine [128].  

In conclusion, GC is the oldest separation technique that has been used in combination with 

MS for over 50 years and it has been often described as the gold standard in metabolomics [34, 

47]. Despite the continuous introduction of new and advanced techniques, GC-MS is still 

considered as a highly attractive tool in metabolomics. In comparison with soft ionization 

techniques, EI produces fairly reproducible fragmentation pattern across different platforms. This 

resulted in the construction of numerous well-established and commercially available metabolite 
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libraries and retention indices that are not readily available in LC-MS methods [60]. However, the 

implementation of lengthy pre-chromatographic derivatization and extraction steps to ensure 

analyte stability and volatility still constitute an unavoidable impediment to its wide application 

[36, 55, 57, 129]. Such sample pre-treatment often introduces variability as well as derivatization 

artefacts to the analyzed samples which complicate data interpretation [36, 49, 57, 122, 129]. 

Furthermore, it was reported that silylation can results in conversion reactions such as the 

conversion of arginine into ornithine [121]. Despite that, the inherent analytical advantages of GC 

coupled to MS including high sensitivity, reproducibility, and resolution power outweigh its 

associated problems and endorse it as a cornerstone tool in the complete analysis of the urine 

metabolome [49, 55, 56, 129].  

1.6.3.  Capillary Electrophoresis- Mass Spectrometry (CE-MS) 

In CE-MS, charged metabolites are separated based on their differential migration 

velocities in an electrically conductive liquid phase under the influence of an external electric 

current [34, 130]. CE-MS exhibits comparable or better separation efficiency than GC-MS and 

LC-MS in terms of shorter analysis times. However, CE-MS is less frequently used in urine 

metabolomic analysis due to its lower sensitivity and its poor reproducibility in both peak area and 

migration time. Such inconsistencies are caused by the sorption of macromolecules in urine onto 

the capillary wall [34, 55, 57]. Therefore, in comparison to GC-MS and LC-MS, the number of 

investigations employing CE-MS in urine metabolomics is limited, with more applications in 

fingerprinting rather than the quantitative targeted platform [131-133]. For example, a CE-ToF 

method was developed for the profiling and targeted analysis of free estrogens and their 

glucuronide and sulfate conjugates [134]. Despite adequately resolving free and conjugated 

estrogens in alkaline buffer, the method could not detect endogenous estrogens present in sub-
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micromolar concentrations in human urine due to inadequate sensitivity. Moreover, the 

incorporation of an additional pre-concentration SPE step resulted in the removal of the conjugated 

forms from enriched premenopausal female urine extracts [134].  

Additionally, CE-MS is more suited for the separation of cationic species over anionic 

compounds. For the latter group, modifications can be done to the capillary through coating with 

cationic surfactants [135]. However, cationic surfactants are subjected to alkaline hydrolysis 

causing the creation of voids within the separation phase and subsequent current drop [136]. An 

alternative simpler approach is to modify the physical and chemical properties of anions through 

derivatization with a positively charged derivatizing agent. Profiling of carboxylic acid-containing 

metabolites in rat urine using CE-MS and CE-MS/MS was feasible through using N-butyl-4-

aminomethylpyridinum iodide and N-hexyl-4-aminomethyl-pyridinum iodide reagents [135]. 

After derivatization, positively charged compounds were produced and analyzed through 

conventional CE mode. Analysis of rat urine revealed 59 candidate ions matching the characteristic 

pattern of carboxylic acids, out of which, only the identity of 32 was confirmed [135].  

CE-MS was also applied for the analysis of polypeptides in urine. Polypeptides serve as an 

important biomarker group for renal diseases. A CE-ToF method was utilized in screening urine 

samples obtained from patients suffering from kidney disease and healthy individuals [88]. A 

healthy urine pattern consisting of 247 features was established and it was found to be distinctively 

different from that of the diseased patients. Twenty-seven polypeptides, that were not present in 

the healthy patterns, were present in more than 50% of urine samples obtained from the patient 

population. In addition, 13 of the normal polypeptides were absent in the urine of these patients 

[88].  
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1.6.4. Liquid Chromatography- Mass Spectrometry (LC-MS) 

LC, coupled to different detection techniques, is the most widely employed platform in 

urine analysis. Combined with the qualitative and quantitative capabilities of MS, and due to the 

continuous improvements in its related technologies (i.e., UPLC, Hydrophilic interaction 

chromatography (HILIC)), LC-MS is ideally suitable for metabolomics studies, where it can be 

tailored for targeted or untargeted purposes [55, 59, 60]. In general, RP stationary phase is well 

suited for the separation of non-polar and polar metabolites in urine [36, 57]. However, when 

highly polar low molecular weight metabolites are analyzed, they are usually eluted near or at the 

void volume with poor reproducibility [36, 137, 138]. Therefore, aqueous normal phase (ANP) is 

a convenient alternative for such compounds, where silica hydride-based high-pressure liquid 

chromatography (HPLC) stationary phases separate metabolites through a dual retention 

mechanism of hydrophilic and hydrophobic interactions [137, 138]. RP and ANP in combination 

with QToF and QqQ-MS were utilized for the global metabolite mapping and discovery of 

potential biomarkers of bladder cancer [139]. By adopting untargeted and targeted approaches, 25 

metabolites were identified suggesting their aptness for further investigation as diagnostic and 

prognostic biomarkers of bladder cancer [139].  

HILIC is another suitable technology for the separation of ionic-polar metabolites [60, 89, 

140-142]. HILIC is a hybrid between normal phase (NP)-LC and RP-LC systems. Similar to NP-

LC, polar stationary phases such as silica or derivatized silica (amino or cyano) are used allowing 

for the separation of polar metabolites that cannot be retained on RP-LC columns. Meanwhile, 

HILIC shares the use of water-containing polar organic mobile phases similar to RP-LC. 

Therefore, HILIC solves the problem of the limited solubility of the polar metabolites in the mobile 

phases used in NP-LC [140]. A comparative evaluation of the metabolomic profiles of rat urine 
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using HILIC and RP columns utilizing UPLC-QToF revealed that the two separation technologies 

provide complementary data leading to a better metabolome coverage [143]. The use of a C18 

column (i.e., RP chromatography) produced data containing a larger number of observed peaks 

with enhanced resolution. On the other hand, sensitivity was enhanced with the HILIC column 

which could be attributed to the superior ionization and desolvation processes resulting from the 

higher organic composition of the mobile phase needed for the elution of the well-retained 

compounds [143]. In general terms, HILIC can explore different portions of the urine metabolome 

giving data on zwitterions as well as highly polar metabolites such as taurine, betaine, creatine, 

creatinine and carnitine [57, 100, 137, 143, 144]. Both UPLC-RP and HILIC were employed to 

screen the urine metabolomic profiles from liver cancer patients and healthy participants using 

QToF [141]. Predictably, compared with RPLC-MS, HILIC-MS produced a more sensitive 

response allowing for a better separation of the two groups. However, RPLC-MS was useful in 

separating compounds related to fatty acid oxidation as acylcarnitines. Out of the 21 identified 

potential biomarkers, the HILIC mode was able to detect 16 metabolites. In addition, it was able 

to retain and separate some of the hydrophobic acylcarnitines that were analyzed by RPLC due to 

the presence of the quaternary ammonium group within their structures [141].  

Despite the success of ANP and HILIC in solving the problem of metabolites with high 

polarity, these new techniques have some inevitable issues such as irreversible sorption of 

metabolites, column bleeding, poor peak shape, slow equilibrium time and lower separation 

efficiencies [145, 146]. In addition, analyzing the same sample by more than one column is neither 

time nor cost efficient. On the other hand, the hydrophilic properties of the polar metabolites can 

be altered through pre-column derivatization reactions allowing their appropriate retention and 

convenient separation using conventional RP columns [147].  
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In addition to these column technologies, the introduction of UPLC has resulted in 

significant improvements in urine metabolomic analysis [36, 148]. The performance of 

conventional HPLC to UPLC was compared using orthogonal acceleration-ToF (oaToF) in the 

profiling of urine obtained from three different mouse strains (Figure 1.6) [149]. Method 

sensitivity was enhanced by 3-5-fold while providing 10-fold faster analyses. Sharper and distinct 

peaks were also obtained with substantial improvement in chromatographic resolution which is 

reflected by the number of detected features (13,000 in UPLC vs. 2,000 in HPLC) [149]. Similarly, 

the performance of a UPLC-oaToF-MS method developed for high throughput discrimination of 

five rodent strains according to age, gender, strain and diurnal variation [150] was compared with 

a previously developed HPLC-ToF method [151]. According to the authors, 3,900 marker ions 

were detected in a 1.5 min run time using UPLC-oaToF in comparison with merely 1,000 ions 

detected in the 10 min run of HPLC-QToF [150, 151].  

 

Figure 1.6. Chromatographic separation of white female mouse urine using (A) HPLC, (B) UPLC 

and Extracted ion chromatogram m/z = 401 of white female mouse urine sample using either (C) 

HPLC, (D) UPLC [149] 
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1.7. LC-MS in Urinary Biomarker Discovery 

LC-MS has an indispensable role in exploring new diagnostic biomarkers for various 

diseases [44, 152]. Unfortunately, there are a limited number of studies that utilized LC-MS for 

targeted or untargeted metabolomics of asthma and COPD in urine. Such a gap emphasizes the 

need for further investigation of the urine metabolome using the sensitive and selective 

combinations of chromatography and MS. The success in identifying metabolites that can 

accurately and precisely diagnose asthma and COPD will not only benefit these patients, it will 

also launch a platform for discovering biomarkers for other overlapping diseases of the respiratory 

system.    

While there remain insufficient data on urine metabolomics of respiratory diseases, there 

has been promising LC-MS data in urine biomarker discovery for other diseases such as cancer 

[103, 123, 141]. To quantify altered nucleosides in urogenital cancer, 12 nucleosides were 

analyzed using HPLC-QqQ-MS in the urine of healthy and urogenital cancer participants. Five 

nucleosides, namely; N-2-methylguanosine, 3-methyluridine, 6-methyladenosine, inosine, and 

N,N-dimethylguanosine were found to be statistically different between the two groups [153]. 

Despite this finding, it is difficult to ascertain that a specific nucleoside is a biomarker for a specific 

cancer type as the urinary levels of nucleosides are generally elevated in cancer patients due to the 

higher RNA turnover [154]. In fact, some of the identified nucleoside metabolites were also found 

to be differentially expressed between healthy and individuals having other types of cancer [155-

157]. As for renal cell carcinoma (RCC), a combination of UPLC-LIT-MS and GC-MS methods 

established a signature urinary profile [158]. Three biomarkers were differentially expressed in 

urine of RCC patients, where the concentrations of 4-hydroxybenzoate and gentisate decreased 

and that of quinolinate increased compared to control urine. However, the study was not able to 
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confirm whether the three metabolites were specific only to RCC or to any kind of cancer in 

general. Further investigations involving global metabolomic analyses and larger sample size were 

suggested before the use of the aforementioned metabolites as diagnostic biomarkers for RCC 

[158]. 

In addition to cancer, urinary biomarkers for other diseases have been investigated using 

LC-MS. A UPLC-QToF method was used for the untargeted analysis of urine samples collected 

from patients with jaundice syndrome [159]. Complete separation of patients from healthy 

individuals was achieved using 44 metabolites. Such metabolites were suggested to be further 

explored for the development of a clinically useful diagnostic tool [159]. Another disease area 

includes children who have undergone cardiopulmonary bypass surgery (CPB). They are prone to 

the complication of acute kidney injury (AKI) with a mortality rate over 50% [160, 161]. A UPLC-

ToF method was developed for profiling urine samples obtained from 40 children before and after 

CPB surgery [160]. Patients developing AKI were well separated from the other group using PCA 

score plots. One potential biomarker suggested by PCA was further identified by MS/MS as 

homovanillic acid sulfate (HVA-SO4). Only 4 h following surgery, the concentration of HVA-SO4 

was doubled in patients who developed AKI while slightly increased in patients without AKI. 

Therefore, HVA-SO4 can serve as a potential biomarker allowing for early detection of AKI in 

this vulnerable population. Urinary metabolomics can also be useful in understanding complex 

psychological disorders such as depression [162]. A UPLC-QqQ method was used in the 

metabolomic profiling of urine obtained from 16 healthy and chronic unpredictable mild stress 

model rats. Using PCA, complete separation between the two groups was observed in the positive 

and negative ion modes. In addition, six new potential biomarkers related to energy metabolism, 

amino acid metabolism and gut microflora were identified [162]. Such studies highlight the 



 

38 
 

potential of MS-based metabolomics for the future discovery of new urinary biomarkers suitable 

for the clinical diagnosis of complex psychological and neurological disorders. 

For asthma and COPD urine metabolomics, the most comprehensive information available 

is from the recent 1H-NMR study [66]. In this study, a semi-targeted approach was adopted with 

the suggestion of a group of differentially expressed metabolites in asthma and COPD subjects. 

The next logical step is to quantify these metabolites with more sensitive and selective LC-MS/MS 

based methods. In the following section, the currently available quantitative approaches are 

discussed. 

1.8. LC-MS Quantitative Approaches 

1.8.1. Internal Standards 

A. Stable Isotope Labeling (SIL) 

Following identification in the untargeted approach, candidate metabolites must be 

accurately quantified in urine. However, quantification in MS analysis is not a straightforward 

process due to sample matrix effect observed during ionization. This is particularly true when ESI 

is used as the ionization source, where ion suppression from co-eluting molecules and matrix 

interference greatly affect the response of metabolites [60, 163-166]. Therefore, regardless of the 

used MS- based technique, quantification of metabolites in the targeted approach cannot be 

achieved through external standard (ES) calibration and the use of IS becomes inevitable [34]. 

Structural analogs, when used as IS, might elute at different times than the compounds of interest 

and would consequently experience different matrix effects leading to insufficient accuracy and 

precision [60, 165, 167]. One strategy to overcome such hurdles is the use of an isotopically labeled 

IS (i.e., stable isotope labeling, SIL) [60, 163, 166, 168]. For example, the analytical performance 



 

39 
 

of an HPLC-QqQ for the determination of 1-hydroxypyrene (a biomarker of polycyclic aromatic 

hydrocarbon exposure) in urine using two calibration modes was evaluated, namely, the external 

and internal calibration methods [169]. Blank urine, having minimum amount of 1-hydroxypyrene 

was spiked either with external reference standard of 1-hydroxypyrene for external calibration or 

with 1-hydroxypyrene and 1-hydroxypyrene-d9 as an IS for the internal calibration method. The 

analytical performance of the methods regarding linearity, precision and accuracy did not 

significantly differ between the two calibration strategies. Such findings were confined to when 

the same urine was used for both calibrations, and therefore the matrix effect was unified. 

However, it was confirmed that external calibration cannot be used in routine biomarker analysis 

where, logically, urine samples from different subjects are investigated [169].   

Although efficient in overcoming the matrix effect, the use of SIL is well suited when a 

single [168, 170] or few compounds [171-173] are to be traced in urine. However, when large 

numbers of urinary metabolites are targeted, SIL approach is expensive and impractical due to the 

structural diversity of metabolites [57, 166]. Furthermore, it has been shown that the addition of a 

large number of ISs may interfere or obscure the detection of the investigated metabolites [174]. 

Insufficient mass difference (less than 3 Da), different extraction recoveries and impurities in the 

ISs are potential problems that can arise with the multiple use of ISs and can, indeed, compromise 

the accuracy and precision of quantification [175]. 
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B. Differential Isotope Labeling (DIL) 

Another relatively new approach in metabolomics is the use of differential isotope labeling 

(DIL) where metabolites are targeted based on their common functional groups through specific 

chemical reactions. A derivatizing reagent (light reagent) introduces a tag to the investigated 

metabolite group within a urine sample. A different isotopically-labeled analog of the same 

reagent, commonly containing Deuterium (2H) or 13C (i.e., heavy reagent), is used for the 

derivatization of a second comparable urine sample or standard solution. Finally, aliquots from 

light and heavy labeled solutions are properly mixed for relative or absolute quantification (Figure 

1.7) [163, 166].  

 

Figure 1.7. Schematic representation of light and heavy labeling for the quantification of urinary 

metabolites in LC-MS based platform. Chromatogram adopted from [163]. 
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In general, chemical derivatization has proven to provide various advantages in the analysis 

of complex samples using ESI-LC-MS, and accordingly, it has been widely employed. In 

particular, it enhances the chromatographic separation process of polar and low molecular weight 

compounds. For instance, the introduction of a hydrophobic tag to these molecules alters their 

chromatographic behaviour thus allowing for their separation on conventional RP stationary 

phases. Consequently, the resulting hydrophobic compounds will be well separated from salts 

eluted in the void volume that cause the ion suppression in ESI as well as from other competing 

co-eluting metabolites [163, 176]. In addition, derivatization has a levelling effect on metabolites 

having diverse physicochemical nature as the produced derivatives bear the same signature moiety 

and exhibit similar new physicochemical properties [163]. The introduced moiety can also increase 

the stability of labile molecules during extraction, storage or analysis as in the case of volatile 

aldehydes [163, 177]. 

In addition to the chromatographic improvements, derivatization can greatly enhance the 

MS detection. For instance, mobile phases with higher organic solvent content are used in order to 

elute the retained derivatives. As a result, more stable charged droplets are generated by ESI due 

to the decreased surface tension of the droplet and the enhanced desolvation process [163, 176]. 

The introduced tags shift low molecular weight metabolites out of the low m/z ratio region that 

typically exhibits high background noise allowing for improved detectability and mass accuracy 

[163, 166, 176]. Additionally, the selectivity of the method is enhanced, where only metabolites 

bearing a specific functional group will show up in the MS chromatogram. Therefore, better 

coverage and deeper insights are achieved through the fragmentation of this group of metabolite 

derivatives [105, 176]. The introduction of chargeable or easily ionizable moieties also allows for 

the analysis of neutral metabolites that have low ionization efficiencies [166, 176] as well as 
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metabolites that are originally too difficult to fragment [176]. Finally; DIL specifically, creates a 

stable isotope IS for each metabolite. Therefore, the difference in the peak area ratio of the isotope 

pair between samples and standards will reflect the abundance of the metabolite in the sample, 

thus allowing its accurate quantification. There is a vast number of derivatizing reagents that 

proved to be useful in LC-MS analysis [147, 163, 166, 176]; however, (Table 1.1) summarizes the 

most important and recently introduced reagents that were employed in metabolomic analysis 

using urine as a biofluid. 

Guo K et al. [167] developed a 13C and deuterated-isotope methylation labeling reaction 

for the quantification of primary and secondary amine containing metabolites in urine through 

reductive amination. One concern regarding this reaction is that it resulted in a minimal increase 

in hydrophobicity of polar metabolites through the formation of the dimethylated (primary amine) 

or monomethylated (secondary amine) derivatives. Consequently, the integrative use of HILIC 

and RP-LC was required for the analysis of “highly polar” and “less polar” metabolites, 

respectively, within each sample. In addition, despite providing a 4 Da mass difference with the 

deuterium dimethylated-labeled species, deuterated metabolites eluted at marginally different 

times than non-deuterated ones and the use of HILIC was fundamental to overcome such 

discrepancies [167]. The difference in the elution time is mainly due to the variance between C-H 

and C-2H bond properties leading to differences in the interaction with the hydrophobic stationary 

phase. Different studies have demonstrated that a deuterium containing compound is more polar 

than its protium containing counterpart. This phenomenon has been termed “inverse isotopic 

effect” [178]. As a result, the H/2H containing counterparts are subjected to different matrix and 

ion suppression effects [178, 179]. To address such concern, the use of 13C labeling can 

theoretically eliminate elution issues related to the use deuterium for labeling. However, in the 
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case of 13C-methylation, light and heavy-labeled secondary amines exhibit only a mass difference 

of 1 Da, limiting the applicability of such labeling to merely high resolution MS instruments [167]. 

Another major concern was the use of toxic cyanoborohydride and carcinogenic formaldehyde 

which required the chemical derivatization reaction to be conducted in the fume hood [167]. 

Due to the aforementioned drawbacks, another differential 12C2-/
13C2-isotope dansylation 

labeling reaction was developed and resulted in significant improvements in the profiling of phenol 

and amine-containing metabolites in urine without exhibiting the abovementioned isotopic effects 

on the retention times [163, 180]. It was shown that the introduction of a dimethyl amino 

naphthalene moiety resulted in; better retention of polar metabolites during LC analysis, 

enhancement of the ionization efficiency and improvement of signal intensity and signal-to-noise 

ratio. A dansylated library of 121 metabolites was constructed and used for the absolute 

quantification of 93 metabolites [163]. Zhou et al. [181] recently described the synthesis of two 

novel derivatizing reagents and tested their applicability for the DIL of urine amino 

submetabolome. In accordance to the dansyl chloride, each reagent is isotopically different from 

its heavy counterpart by two mass units resulting from the use of 13C2-glycine during reagents 

synthesis. Despite the fact that a simpler derivatization protocol is needed using these reagents in 

comparison with dansyl chloride, their synthesis is quite lengthy (3 steps, >48 hrs). In addition, 

the authors did acknowledge that an isotopic contribution from the second natural isotopic peak of 

the light labeled derivatives is present. However, they deemed that such contribution is 

insignificant (<10%) when relative quantification is the mode used in quantification [181].   

Recently, the organic acid urine submetabolome was also analyzed through 

dimethylaminophenacyl  differential 12C2-/
13C2-isotope labeling using dimethylaminophenacyl 

bromide reagent (DmPA) [97, 182]. The derivatized compounds resulted in 10-1000-fold increase 
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in signal intensity in comparison to their underivatized counterparts [97]. In another work [183], 

the synthesis of 2, 4-dimethoxy-6-piperazin-1-yl pyrimidine (DMPP) reagent was described and 

its applicability in the identification of carboxylic acid containing compounds was demonstrated 

through the quantification of trace fatty acids in human urine. Despite the extremely short time of 

the reaction (15 sec), the produced derivatives had to be extensively extracted through cation 

exchange resin in order to remove the excess of the derivatizing reagent and hence stop the reaction 

[183]. 

Diverse DIL reactions were also developed to tag urinary metabolites bearing other 

chemical functional groups. For instance, thiols and disulfides were quantified in human urine 

through two sequential labeling reactions with two ferrocene-based maleimide reagents (Table 

1.1) [184]. Thiol containing compounds were also screened in urine through their derivatization 

with bromoacetonylquinolinium bromide (BQB). Through DIL of a comparative sample using the 

bromoacetonylquinolinium bromide-d7, 103 peak pairs were detected, however, the identity of 

only 17 metabolites were confirmed using reference standards [185]. 

As for hydroxyl groups, steroids were derivatized with deuterium 4-(dimethylamino)-

benzoic acid (DMBA) (Table 1.1) [113]. Through 2H/H isotope DMBA tagging, 21 steroidal 

hormones were relatively quantified in males, females and pregnant females urine using LC-LIT-

Orbitrap preceded by an SPE extraction step for the removal of abundant polar metabolites [113]. 

Dansyl chloride DIL approach was also recently described by Li’s group [186] for more 

comprehensive profiling of the hydroxyl submetabolome. Due to their low reactivity with dansyl 

chloride along with their relative low sensitivity during MS analysis, hydroxyl metabolites were 

exposed to double LLE steps using ethyl acetate before their derivatization reaction. Samples were 



 

45 
 

labeled using light and heavy reagents, and peak pairs detected in the 1:1 mixtures were compared 

against either authentic standards or online library for putative metabolite identification [186]. 

LC analysis of volatile compounds with limited stability, such as aldehydes, is challenging 

and can be addressed using the precolumn derivatization approach [177]. The usefulness of 4-(2-

((4-bromophenethyl) dimethylammonio)ethoxy)benzenaminium dibromide (4-APEBA) [177] as 

a novel aldehyde derivatizing reagent was compared with the older reagent; 4-(2-

(trimethylammonio)ethoxy) benzeneaminium dibromide (4-APC) (Table 1.1) [187]. The presence 

of the additional bromophenethyl group in the former reagent provided several benefits over the 

older generation. First, the increase in the molecular weight resulted in improvements in signal-to-

noise ratio with a 2-fold increase in the response of the derivatized products. Second, the new 

reagent reacted with carboxylic acid containing compounds as well, thus increasing its potential 

as a suitable reagent for aldehydes and acids submetabolome profiling. Third, the isotopic 

signature of 79Br/81Br produced distinct MS/MS fragmentation patterns facilitating identification 

[177].  

In summary, 12C/13C DIL offers ubiquitous advantages in the analysis of highly polar low 

molecular weight metabolites. Accordingly, it can be deemed as the best currently available 

approach that is specifically tailored to meet the nature of the urine metabolomic analysis. Indeed, 

this technique will be extensively used throughout this thesis to allow for the quantification of 

metabolites suggested from the previously mentioned 1H-NMR study [66]. 
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Reagent Functional group Chemical Reaction Application 

Dansyl chloride (DNS-

Cl) 

Primary, 

Secondary 

Amines 

Phenols 

Alcohols  

S OO

Cl

N
CH3 CH3

+

N
RR

S OO

N
CH3 CH3

NH

R R

 

S OO

Cl

N
CH3 CH3

+ R

OH

R
O

S OO

N
CH3 CH3  

Profiling of amines 

and phenols 

submetabolome [163] 

15 endogenous 

estrogens [173] 

Profiling of the 

hydroxyl 

submetabolome [186] 

5-Diethylamino-

naphthalene-1-sulfonyl 

Chloride (DensCl) 

Primary, 

Secondary 

Amines 

Phenols 

S OO

Cl

N CH3CH3

+

N
RR

S OO

NCH3 CH3

NH

R R

 

Profiling of amines 

and phenols 

submetabolome [188] 

Formaldehyde 

Primary and 

Secondary 

Amines 

R NH2 H

H

O

+ R N

CH3

CH3

NaBH
3
CN

 

Profiling of amine 

submetabolome [167] 

Table 1.1. Derivatizing reagents employed in urinary metabolites determination  

 

 

 

4
6
 



 

47 
 

4-(dimethylamino)-

benzoic acid 

(DMBA) 

Alcohols  
OH
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CH3

CH3
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R OH
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CH3

CH3
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Hydroxyl containing 

steroidal hormones 

[113] 

Picolinic acid Alcohols 
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O
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tetrahydrocortisone 
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4-(2-(trimethylammonio) 

ethoxy) benzeneaminium 

dibromide 

(4-APC) 

Aldehydes 
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CH3
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Selected spiked 

aldehyde [187] 
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Heptadecafluoro-

undecylamine 

Carboxylic 

Acids 

NH2 C8F7+
R

OH

O

R

O

NH C8F7

 
3 Sialic acids [194] 
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toluenesulfonhydrazone 
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O

O
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O
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O
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4-dimethylamino-

benzoylamido acetic 

acid Nhydroxyl-

succinimide ester 

(DBAA-NHS)  

4-methoxybenzoylamido 
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1.8.2. Absolute vs. Relative Quantification 

The development of validated and well-established analytical assays for targeted 

metabolite quantification is a challenging task. In fact, currently available regulatory guidelines 

are not designed for endogenous biomarkers, but rather address the validation of xenobiotics and 

their related metabolites [196-199]. One of the common hurdles in quantitative metabolomics is 

the absence of analyte-free biological matrices. Additional challenges are associated with the wide 

range of metabolites’ concentrations as well as the diversity of their physicochemical properties. 

The absence of commercial reference standards or isotopically labeled ISs adds more to the 

complexity of method development and validation [200]. Accordingly, there have been several 

initiatives from different researchers to address or overcome these challenges through novel 

approaches or through the modification of the currently available guidelines [199]. Due to the 

importance of this topic, we decided to compile a second review article that discusses common 

challenges and adopted approaches in targeted quantification of endogenous metabolites. This 

article can be found as APPENDIX A of this thesis.   

In this thesis, SIL and DIL have been used for the absolute quantification of the candidate 

biomarkers of asthma and COPD. Despite the advantages brought in quantitative metabolomics 

through the use of DIL (Figure 1.7), absolute quantification still remains a lengthy task, where all 

validation criteria have to be passed before patient sample analysis [196, 199]. On the other hand, 

relative quantification using DIL can still provide reasonable estimates of the metabolite 

concentration, provided that the linearity range of the analyte and the dynamic range of the 

instrument are already known [201]. However, due to the lack of a validated method of analysis, 

data obtained from a mere relative quantification method must be carefully assessed as it may not 
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qualify to endorse the biomarker’s application for clinical approval from regulatory bodies [97, 

113, 163, 167, 181-183, 185, 186, 188, 196, 198, 199].    

1.9. Data Mining and Standardization in MS Urine Metabolomics 

Following an untargeted MS analysis, an enormous amount of complex data is generated, 

and in its current format it cannot be manually analyzed [202]. Therefore, the first critical step in 

data mining is to correct all variations caused by the experimental variables. Data handling, which 

includes peak normalization, peak alignment, baseline correction and peak deconvolution, is 

usually achievable through the use of inhouse, vendor specific or commercially available software 

[202, 203].  

Multivariate statistical techniques (supervised and unsupervised) are performed in targeted 

and untargeted studies to allow for the recognition of patterns between samples (i.e., between 

healthy and diseased patients’ urine) and the selection of the significant metabolite features [202]. 

In the untargeted approach, differentially expressed metabolites can be putatively or absolutely 

identified through databases freely available, in-house, or vendor specific databases  [34, 202].  

Variation in urine volume is an inevitable challenge in targeted and untargeted approaches 

resulting in erratic dilutions in metabolite concentrations. Urine volume varies from 600 to 2500 

mL/day depending on the individual’s hydration status, which in turn is affected by fluid intake, 

humidity, temperature and physical activity [60, 204]. Therefore, regardless of the analytical 

platform, mathematical manipulations of the analytical raw data must be done to normalize 

concentrations of metabolites to other urine properties with a lower extent of variation than urine 

volume. Among the most common normalization strategies are the use of creatinine concentration, 

specific gravity (SG) and osmolality (OSM) [60, 204].  
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In the absence of kidney diseases, creatinine is excreted in measurable and relatively 

constant amounts by glomerular filtration into the urine [204-207]. In general, it is accepted that 

creatinine has minimal metabolic or excretory variances among healthy individuals [50, 60]. In 

other words, the amount of creatinine excreted per day is constant and approximately at a rate of 

1 g per 20 Kg of muscle mass [206]. Creatinine’s rate of elimination is independent of urine flow 

and therefore, its concentration is inversely proportional to urine volume [207]. Therefore, 

creatinine is accepted to behave as a convenient normalizing factor for correcting urine volume 

variations [50, 60]. Despite being the most employed normalization technique, the suitability of 

creatinine, however, has always been debated due to the presence of various uncontrollable factors 

influencing its concentration such as age, sex, physical activity, time of the day and food intake 

[60, 207]. Maintaining proper hydration and normal meat intake during sample collection can 

contribute to minimizing this variation [207].  

Normalization to SG is an alternative methodology that uses the mathematical equation 

developed by Levine and Fahy [208] to correct the measured SG of fresh urine to a mean SG 

reference value, usually of 1.02 [204, 209-211]. However, like creatinine normalization, this 

method has several limitations. For instance, urine density is affected by the total mass of the 

solutes, which in turn is affected by their number and molecular weight. Therefore, the SG method 

is not applicable in cases such as diabetes mellitus where high glucose concentration is excreted 

in urine as well as kidney patients with urine containing high protein content [52, 209]. 

Furthermore, the mean SG of normal urine is not constant and it has a range of 1.016 to 1.024 

[210]. Finally, urine density is affected by fluctuating temperature as well as the hydration state of 

the patient [52, 209]. 
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Similar to SG, OSM measures the total solute concentration in urine and it is determined 

by the depression in the solution’s freezing point or vapor pressure [209]. In contrast to creatinine 

and SG, OSM is not affected by diurnal rhyme, diet, activity, age, gender, stress or mass, charge 

or size of particles. Being a colligative property, OSM is solely dependent on number of dissolved 

particles [205, 209]. In fact, the determination of urine OSM gives the most specific reflection of 

its metabolite concentration, however, this technique is not readily accessible in all laboratories 

[209]. Consequently, measuring SG is usually implemented as it can be converted mathematically 

into an approximate corresponding OSM value [209]. 

A new normalization approach for amine and phenol containing metabolites using 

chemical labeling reaction was recently reported [212]. Urine samples were derivatized with 

dansyl chloride and analyzed by a very fast LC method with ultraviolet (UV) detection. The total 

concentration of all co-eluted labeled metabolites in each urine sample was calculated. The same 

sample was then analyzed by an LC-FTICR-MS method and each selected metabolite was 

quantified using heavy and light dansyl chloride labeling and then normalized to the total 

concentration from UV data [212]. Although the superiority of such a normalization approach was 

demonstrated over creatinine and OSM approaches [212], the dansyl chloride method, however, 

requires the tedious steps of derivatization and running an additional LC-UV method for the 

calculation of total labeled metabolite concentrations. In addition, it confines the quantification to 

these metabolites bearing only primary or secondary amine and phenolic functional groups that 

can react with the designated reagent.  

Another new global normalization approach was developed using a customized software 

based on MS total useful signal “MSTUS” [205]. Untargeted urine analysis was first achieved 

using LC-LIT-FTICR-MS. Subsequently, all signals present in the spectra of all samples were 
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summed and used for the generation of MSTUS normalization factor. This strategy has the 

advantage of eliminating the interferences from xenobiotics and artefacts [205].  

It is clear that despite the availability of different approaches for normalization, each has 

its own unavoidable limitations. For this reason, the analyst may choose to apply two 

normalization methods simultaneously [205]. Since this strategy could hinder high-throughput 

analyses, we selected creatinine normalization after comparing its performance to OSM. 

Accordingly, we could exclude the bias prompted by the normalization method for urine volume 

correction during biomarker identification. 

1.10. Rationale for Research 

COPD and asthma can overlap in their clinical presentations [13, 15]. With the absence of 

routine clinical tests of adequate sensitivity and specificity in outpatient clinics, physicians mostly 

rely on patient’s history for diagnosis rather than objective measures [13, 28-30]. This leads to 

incorrect diagnoses and poor clinical outcomes. Therefore, there is a need for new diagnostic tools 

that can aid in the clinical decision-making process.  

Urine metabolomics is a direction for improved diagnosis of asthma and COPD. It has been 

mostly explored in an untargeted approach using 1H-NMR and, to a lesser extent, using MS [43, 

44, 63, 64, 71, 73, 213]. A comparative study investigating the differential diagnosis of asthma 

and COPD using 1H-NMR has revealed a list of 50 metabolites in urine as potential biomarkers 

[66]. 
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The next stage in the biomarker discovery process is the clinical validation of the candidate 

metabolites. However, this phase requires robust, sensitive and selective analytical assays that can 

quantitate the selected metabolites with high accuracy and precision. These assays need validation 

according to the FDA and the European medicines agency (EMA) guidelines. The scope of this 

PhD thesis is the development and validation of LC-MS/MS methods for the quantification of the 

diagnostic metabolites in urine. The developed methods will be then applied to a cohort of asthma 

and COPD patient urine samples in order to identify the most diagnostic metabolites and verify 

the validity of the statistical model.  

Six of the 50 metabolites were initially excluded from our future investigation for various 

reasons such as limited availability of standards/ISs or incompatibility with LC-MS/MS. The 

remaining 44 metabolites were further classified into four groups as shown in Table 1.2, due to 

the diversity of their physicochemical properties and their concentrations within patient urine 

samples. Group 1 contains amine- and phenol- containing metabolites whereas group 2 contains 

carboxylic acids. Group 3 contains seven miscellaneous metabolites, whereas group 4 consists of 

three metabolites that require sample extraction and pre-concentration prior to LC-MS/MS 

analysis. The reader may notice that 3-chlorotyrosine and 3-bromotyrosine were initial 

components of Group 1 and were further removed to Group 4 for proper sample preconcentration. 

For the purpose of this thesis, method development and validation for groups 1 and 3 were 

considered. The validated LC-MS/MS method for group 2 was developed in a separate project 

outside the scope of this thesis. Preliminary extraction and LC-MS/MS method development for 

group 4 is presented in APPENDIX B. Urine analysis was conducted for groups 1-3 (total of 41 

metabolites) and data was analyzed using PLS-DA. The possible outcome of this work is the 

identification of the significant metabolites and their underlying biochemical pathways.  
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* Total number of metabolites in groups 1-4 is 44, however, 41 metabolites were quantified per each urine sample 

Group 1* Group 2* Group 3* Group 4* 

1. 1-Methylhistamine 

2. Alanine 

3. Arginine 

4. Asparagine 

5. Ethanolamine 

6. Glutamine 

7. Glycine 

8. Histidine 

9. Isoleucine 

10. Lysine 

11. Sarcosine 

12. Serine 

13. Taurine 

14. Threonine 

15. Tryptophan 

16. Tyrosine 

17. Valine 

1. 2-Hydroxy isobutyric acid 

2. 2-Oxoglutaric acid 

3. 3-Hydroxy-3-methyl glutaric acid 

4. 3-Hydroxyisobutyric acid 

5. 3-Hydroxyisovalerate 

6. 3-Methyl adipic acid 

7. Acetylcarnitine 

8. Betaine 

9. Cis aconitate 

10. Fumaric acid 

11. Glycolic acid 

12. Lactic acid 

13. Pantothenate 

14. Pyroglutamate 

15. Succinic acid 

16. Trans aconitate 

17. Trigonelline 

1. 1-Methylnicotinamide 

2. Choline 

3. Creatine 

4. Glucose 

5. Guanidine acetic acid 

6. Pyruvic acid 

7. Uracil 

 

1. Bromo-tyrosine 

2. Chloro-tyrosine 

3. Leukotriene E4 

Table 1.2. Group classification of the metabolites investigated within this PhD thesis 

5
7
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1.11. Research Hypotheses and Objectives 

1.11.1 Hypothesis 1: 

LC-MS/MS can quantify 24 metabolites out of the 44 targeted metabolites in urine (Groups 1 and 

3 metabolites) (Table 1.2).  

Objective 1: The development and validation of an LC-MS/MS method for the absolute 

quantification of group 1 metabolites. 

 Specific aim 1: The application of DIL using 12C2/
13C2 isotopically labeled DNS-

Cl for the analysis of amines and phenols. Such labeling will allow for the 

separation of the derivatized metabolites on a C18 column as well as their accurate 

quantification in urine.  

 Specific aim 2: The validation of the analytical method as per the guidelines of the 

FDA and the EMA. 

Objective 2: The development and validation of an LC-MS/MS method for the absolute 

quantification of group 3 metabolites (Table 1.2).   

 Specific aim 1: Group 3 consists of seven highly polar low molecular weight 

metabolites of diverse physicochemical properties. Chromatographic separation 

will be achieved on a HILIC column since they are not retainable on conventional 

C18 columns. Stable isotope ISs will be used for matrix effects correction.  

 Specific aim 2: The validation of the analytical method as per the guidelines of the 

FDA and the EMA. 
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1.11.2 Hypothesis 2: 

Single point calibration and relative DIL-based quantification can provide reliable quantitative 

data similar to a validated multipoint calibrated method.  

Objective 1: Comparison between the analytical performance of three quantification approaches, 

namely, single point calibration, multipoint calibration and relative quantification.  

 Specific aim 1: The developed and validated LC-MS/MS method from hypothesis 1; 

objective 1, will be used for the quantification of pre-selected metabolites in healthy urine 

samples. Data will be statistically compared with that obtained from the relative 

quantification platform previously described by Guo et al. [163] using pooled urine 

samples. In addition, metabolites will be also quantified via a single point calibration 

approach [214]. Quality control samples and healthy urine samples will be used for data 

generation and comparison. 

1.11.3  Hypothesis 3: 

Normalization of the metabolites’ concentrations to the OSM of urine or its creatinine values will 

not change the statistical output of the clinical data 

Objective 1: Comparison between creatinine and OSM in the normalization of targeted urine 

metabolomic analysis of asthma and COPD. 

 Specific aim 1: The assessment of the correlation between creatinine and OSM in a 

cohort of asthma and COPD patient samples. 

 Specific aim 2: The comparison between the accuracy of the statistical models created 

using creatinine- and OSM- normalized datasets. The comparison between the 

metabolites identified as significant in creatinine and OSM statistical models.  
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1.11.4 Hypothesis 4:  

Sample and statistical data analysis will differentiate between asthma and COPD patient urine 

samples. PLS-DA will identify diagnostic metabolite biomarkers. 

Objective 1: Quantification of the targeted metabolites in asthma and COPD urine samples. 

 Specific aim 1: Application of the validated quantitative methods to quantify 

groups 1-3 metabolites in urine samples collected from asthma and COPD 

patients.  

Objective 2: Statistical analysis of the results obtained from the MS-based methods. 

 Specific aim 1: PLS-DA will identify metabolites with concentrations that 

significantly differ between asthma and COPD patients.   
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Transitioning rationale:  

Armed with the prior knowledge on the importance of 50 urine metabolites in the 

differentiation of asthma and COPD (Chapter 1), the first hypothesis of this thesis is being tested. 

In this chapter (Chapter 2), a method for group 1 is designed, developed and validated for the 

quantification of 17 urine metabolites. Two tyrosine-derivative metabolites were not detectable in 

patient samples. 

 

2.1. Abstract 

Obstructive airways inflammatory diseases sometimes show overlapping symptoms that 

hinder their early and correct diagnoses. Current clinical tests are tedious and are of inadequate 

specificity in special populations, such as the elderly and children. Therefore, we are developing 

tandem mass spectrometric (MS/MS) methods for the targeted analysis of urine biomarkers. 

Recently, proton-nuclear magnetic resonance (1H-NMR) analysis proposed 50 urinary metabolites 

as potential diagnostic biomarkers among asthma and chronic obstructive pulmonary disease 

(COPD) patients. Metabolites are divided into 3 groups based on chemical nature. For group 1 

(amines and phenols, 19 urinary metabolites), we developed and validated a high-performance 

liquid chromatographic (HPLC)-MS/MS method using differential isotope labeling (DIL) with 

dansyl chloride. Method development included the optimization of the derivatization reaction, the 

MS/MS conditions, and the chromatographic separation. Linearity varied from 2 to 4800 ng/mL 

and the use of 13C2-labeled derivatives allowed for the correction of matrix effects as well as the 

unambiguous confirmation of the identity of each metabolite in the presence of interfering isomers 

in urine. Despite the challenges associated with method validation, the method was fully validated 

as per the food and drug administration (FDA) and the European medicines agency (EMA) 
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recommendations. Validation criteria included linearity, precision, accuracy, dilution integrity, 

selectivity, carryover, and stability. Challenges in selectivity experiments included the isotopic 

contributions of the analyte towards its internal standard (IS), and was addressed via the 

optimization of the IS concentration. In addition, incurred sample analysis was performed to ensure 

that results from patient samples are accurate and reliable. The method was robust and reproducible 

and is currently being applied in a cohort of asthma and COPD patient urine samples for biomarker 

discovery purposes. 

Key words: 

Targeted metabolomics; LC-MS/MS; Validation; Urine; Respiratory illness; Differential 

isotope labeling 

2.2. Introduction 

Asthma and chronic obstructive pulmonary disease (COPD) are a major cause of morbidity 

and they impose a huge economic burden with approximately 600 million patients are currently 

diagnosed with these illnesses [1]. Despite the distinct differences in the pathophysiology of 

asthma and COPD, their diagnosis using currently available diagnostic tools is difficult in a typical 

primary care setting [2-6]. It is common for some patients to experience an overlap in the clinical 

presentations of asthma and COPD or even have both as co-existing conditions [2, 7, 8]. This is 

particularly valid with asthmatic smokers, elderly with normally declined lung functions, and those 

with more asthma [2-4]. Correct diagnosis is crucial as each disease has different therapeutic 

strategies [4]. Accordingly, with the inaccessibility of accurate diagnostic tools in typical primary 

care settings, the diagnosis of asthma and COPD is too often based on history as described by the 

patient. Therefore, recent work has focused on novel approaches to diagnosis.  
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Metabolomics is the study of the end products of cellular metabolism in healthy and 

diseased states [9-12]. Applied metabolomics in medicine aims to link different biochemical 

pathways to disease diagnosis, severity, and therapeutic response [11, 12]. It has demonstrated 

promising outcomes in biomarker discovery and in personalized medicine [11, 13, 14]. Among the 

various biological fluids, urine is ideal for metabolomic analysis. Its collection is non-invasive and 

it has richer metabolite content in comparison to blood, saliva, exhaled breath condensate or 

bronchoalveolar lavage [9, 10]. Beyond lung disease, urine metabolomics has been mostly studied 

for improving the detection of various types of cancer [15, 16], including that in the renal system 

[17, 18]. Investigation of the urine metabolome has also included, but not limited to, the diagnosis 

of jaundice syndrome [19] and chronic heavy metal toxicity [20], the understanding of 

pathophysiology of depression [21] and the prediction of acute renal injury following 

cardiopulmonary bypass surgery in children [22]. 

Previous metabolomics studies on asthma or COPD subjects have been conducted in 

various biological fluids mostly in untargeted/semi-targeted approach [9, 10]. For instance, a 1H-

NMR study of COPD blood samples showed lower levels of alanine, valine and isoleucine in 

comparison to healthy individuals [23]. Using the same platform, exhaled breath condensate 

(EBC) of COPD patients revealed significantly lower levels of valine and lysine, whereas the 

levels of serine and tyrosine were significantly higher in comparison to controls [24]. An increase 

in arginine levels and a decrease in glutamine, valine and isoleucine levels were also observed in 

the serum of COPD patients [25, 26]. On the other hand, the serum of asthmatic patients, using 

1H-NMR, showed low levels of arginine along with valine and alanine, whereas high histidine and 

glutamine levels were observed [27]. It can be concluded from these studies, that amino acids 

metabolism is an important pathway in the pathogenesis of asthma and COPD. 
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Pertaining to urine, comparisons of the metabolomic profiles of healthy participants with 

either asthmatic [28, 29] or COPD subjects [30, 31] have been reported. Despite providing useful 

metabolomic information, these ‘disease/no disease’ studies are less interesting in clinical practice. 

People know when they have chronic troubled breathing. The more important question is knowing 

the cause or type of chronic lung disease and the type of treatment it requires. Accordingly, 

metabolomics investigating the disease severity in asthma or COPD shows more promise for 

translational and personalized medicine in primary care settings [32-34]. However, previous 

reports either involved few specific classes of metabolites (e.g., volatile metabolites) [32, 33] or 

resulted in the identity confirmation of few metabolites [34]. 

 validation of the significant metabolites, accurate targeted analysis is needed. Contrary to 

the progress achieved in untargeted metabolomics, targeted quantification of endogenous 

metabolites using fully validated LC-MS/MS methods at its infancy. Challenges in absolute 

quantification include the wide variations in metabolite concentration with diverse 

physicochemical properties [12]. In addition, neither endogenous metabolite- free matrices nor 

appropriate and detailed regulatory guidelines for the validation of bioanalytical methods for 

endogenous metabolites are available [35-37].  

To the best of our knowledge, only one semi-targeted 1H-NMR study investigated the 

differences in the urine metabolome between asthma and COPD patients [38]. The suggested 

biomarkers were sub-divided into three groups based on their functional groups. Group 1 contains 

19 metabolites that bear a primary amine, secondary amine or a phenolic group (Table 2.1). Group 

2 contains 17 organic acids metabolites, whose identities and their validated quantification method 

will be described in a separate publication. Finally, group 3 contains 11 miscellaneous metabolites 

including: quaternary ammonium compounds, sugars and nucleic acids as well as amino and 
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organic acids that were not compatible with the developed methods for groups 1 and 2. Herein, we 

developed a fully validated high-performance liquid chromatography- tandem mass spectrometry 

(HPLC-MS/MS) method for the absolute quantification of a subset of 19 potential biomarker 

metabolites for the diagnosis of asthma and COPD. We adopted the deferential isotope labeling 

(DIL) approach [39]. Amine and/or phenol functional groups contained within the metabolites can 

be derivatized with 12C2/
13C2-Dansyl chloride (DNS-Cl) as described by Guo et al. [39]. DIL has 

been mostly used for relative quantification purposes of the metabolome [39-42], however, despite 

the usefulness of published semi-quantitative studies using DIL-DNS-Cl, we are required by 

regulatory bodies to apply full validation of the analytical method since clinical data will be 

acquired. The presented work discusses the usefulness of DIL strategy for absolute biomarker 

quantification and approaches to address the challenges typically faced in endogenous quantitative 

metabolomics. 

2.3. Experimental  

2.3.1.  Materials and Chemicals 

All chemicals were purchased from Sigma Aldrich (Oakville, ON, CA) unless otherwise 

stated. 3-bromo tyrosine (98%) was purchased from Abcam (Cambridge, UK) and sarcosine 

(99.4%) was purchased from Santa Cruz biotechnology (Santa Cruz, CA, USA). Optima® LC-MS 

grade acetonitrile (ACN) and water were purchased from Fischer Scientific (ON, CA). The 

concentration of creatinine within subject samples was determined using Jaffe’s colorimetric 

reaction using QuantiChrom™ creatinine assay kit (QC, CA) [43, 44]. 
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Table 2.1. Chemical structure of investigated metabolites of group 1 
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2.3.2. Synthesis of 12C2 /13C2-DNS-Cl 

13C2-DNS-Cl contains two 13C-methyl groups attached to the amino terminal within the 

naphthalene moiety of reagent. Structures of 12C2/
13C2 -DNS-Cl are compiled in Appendix 2.1, 

Section A, Figure I. The 13C2-labeled reagent was not available commercially. Accordingly, it was 

synthesized in house along with the non-isotopic form in a 2-step reaction procedure [39, 45, 46]. 

Synthesis protocol was modified from published methodologies in order to produce the highest 

yield of DNS-Cl (Appendix 2.1, Section A). The combination of the 2-step reaction is novel to the 

published methodology reported for the production of 12C2/
13C2-DNS-Cl in metabolomics [39]. 

The use of the commercially available 12C2-DNS-Cl was avoided because of its inadequate purity 

demonstrated by the precipitation of a white residual powder in ACN at the working concentration 
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of the reagent. On the other hand, the two synthesized forms of DNS-Cl (12C2 -and 13C2-) were 

readily soluble in ACN without any insoluble matter and were consequently used throughout the 

work.  

2.3.3.  Patients Characteristics 

Patients were enrolled after obtaining written informed consent, as approved by the 

University of Saskatchewan’s biomedical research ethics board (ethics number 13-89). Patients, 

seen at the Royal university hospital, Saskatoon, SK, were selected within an age group of 40-69 

years old and were clinically assessed by a physician. Samples analyzed were age and gender 

matched as much as possible. No diet or time of collection restrictions were followed as the aim 

of the experiment was to identify metabolites that were sufficiently altered between asthma and 

COPD patient groups at a level that surpasses such variations. Urine samples collected from 42 

patients were analyzed in this work. Patients’ characteristics are as follows: gender (females: 

59.5%), body mass index (BMI: ≤25; 45%, 25.1-30; 33%, 30.1-40; 14% and >40; 12%), age (40-

50 years; 12%, 51-60 years; 48%, 61-69 years; 40%). 

2.3.4.  Preparation of Standard Solutions  

A standard stock solution for each standard reference analyte was separately prepared at 3 

mg/mL in 50% ACN. For solubility/sensitivity aspects, the following exceptions were made; 

sarcosine and asparagine were prepared at 1.5 mg/mL in 50% ACN, tyrosine at 3 mg/mL in 0.1 M 

HCl and 3-bromotyrosine and 3-chlorotyrosine at 3 mg/mL in water. 

A. 12C2-Derivatized Analytes Stock Solution Preparation 

Aliquots from the aforementioned analyte standard stock solutions were combined to 

prepare a standard working stock solution mixture of the 19 underivatized analytes at 
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concentrations varying from 12.5 to 160 µg/mL. The basic derivatization reaction was adopted 

from Dr. Liang Li’s group, University of Alberta, Canada [39, 47]. However, changes to the 

experimental conditions were needed to optimize the reaction. The procedure was tailored to 

accommodate the introduction of the 13C2-derivatized ISs mixture in calibration, validation 

(quality control, QC) solutions and patients’ samples.  

Briefly a volume of 50 µL of the working stock solution was mixed with 30 µL 

bicarbonate/carbonate buffer (pH 9.4, 0.5 M) and 40 µL 12C2-DNS-Cl (10.13 mg/mL in ACN). 

The mixture was vortexed for 10 sec, spun down and placed in a thermostatically controlled water 

bath at 60 ºC for 30 minutes. Excess DNS-Cl was quenched through the addition of 10 µL 0.25 M 

NaOH with further heating at 60 ºC for 10 min. Seventy µL of 300 mM formic acid (FA) in 50% 

ACN were added to acidify the medium and the resulting solution is referred to, further on, as the 

12C2-derivatized analytes stock solution. For the preparation of calibration standard solutions and 

QC samples, aliquots from the 12C2-derivatized analytes stock solution were appropriately diluted 

in 50% ACN to a volume of 40 µL and spiked into 60 µL of blank surrogate urine matrix containing 

10 µL 13C2-derivatized ISs solution. The mixtures were transferred into HPLC vials equipped with 

100 µL inserts for analysis. 

B. 13C2-Derivatized Internal Standards (ISs) Preparation 

 

To prepare 13C2-DNS-ISs, 13C2-DNS-Cl (10.13 mg/mL in ACN) was used for 

derivatization in a similar methodology to section 2.3.4.A. Following the addition of 70 µL of 300 

mM FA, the reaction mixture was completed to 250 µL with 50% ACN. A volume of 10 µL of the 

aforementioned solution introduced the optimized concentration of the 13C2-derivatized ISs into 

the final mixtures. 
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2.3.5.  Urine Preparation 

A. Blank Surrogate Urine Matrix Preparation 

A pooled urine sample was prepared by mixing equal aliquots from 32 asthma patients, 6 

COPD patients and 23 healthy controls. Pooled urine was stored in aliquots at -80 ºC and 

derivatized as previously described using ACN instead of 12C2-DNS-Cl. This matrix was used in 

the dilution of standard solutions, QC samples as well as urine samples for the quantification of 

highly abundant metabolites.  

B. Patient’s Urine Sample Preparation 

Following collection, samples were promptly placed at -80 ºC. Within 1 week of expected 

sample analysis, samples were thawed to room temperature and divided into aliquots then refrozen 

at -80 ºC. At the time of the analysis, individual urine aliquots were allowed to thaw at room 

temperature and were 2-fold diluted with ACN, vortexed and centrifuged at 13,000 rpm for 10 

min. A volume of 50 µL of the supernatant solution was derivatized as previously described in 

2.3.4.A. Following the addition of 300 mM FA in 50 % ACN, 50 µL of the resulting solution were 

diluted into 50 µL 50% ACN containing 10 µL 13C2-derivatized ISs. The final solution was 

transferred to an HPLC vial for analysis. For metabolites frequently present at high concentration 

(i.e., glycine, alanine, histidine and glutamine), derivatized urine samples were appropriately 

diluted with blank surrogate urine matrix. Fifty µL of the appropriate dilution were mixed with 50 

µL of 50% ACN containing 10 µL 13C2-derivatized ISs. 
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2.3.6.  Instrumentation 

HPLC-MS/MS analysis was performed on a 1200 Agilent HPLC system (Mississauga, 

ON, Canada) interfaced to an AB Sciex 4000 API QTRAP instrument (AB Sciex, Concord, ON, 

Canada). The optimized instrumentation settings for chromatographic separation, derivatized 

analytes identification and quantification are compiled in Appendix 2.2, Table I.  

2.3.7.  Method Validation 

A. Matrix Effects and Suitability of the Blank Surrogate Urine 

We introduced the blank surrogate urine matrix approach to simulate derivatized urine and 

to be used in standards and QC samples preparation as well as in the dilution of highly concentrated 

patient samples. Matrix effects encountered from the blank surrogate urine matrix were evaluated 

according to Equation 2.1 and Equation 2.2 as recommended by the European medicines agency 

(EMA) [36] using high QC (HQC: 83% of upper limit of quantification (ULOQ)) and low QC 

(LQC: 2.6 × the lower limit of quantification, LLOQ) samples. Six replicates at low and high QC 

levels were prepared as described under 12C2-derivatized analytes stock solution preparation and 

spiked into six different surrogate urine matrices prepared from six different sources of control 

urine according to the procedure in 2.3.5.B. The absolute peak areas of the derivatized analytes 

were compared to those of analogues QC samples prepared in 50% ACN (i.e., neat solvent) [35, 

36, 48]. The EMA also recommends the calculation of the coefficient of variation (CV%) of IS- 

normalized matrix factor (MF), where a CV% value of less than 15% indicates acceptable 

interferences from the matrix [36]. 
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Equation 2.1. Matrix factor (MF) = B/A                                                                   

Equation 2.2. IS-normalized MF = MF analyte/MF IS                                             

, where B is the absolute peak area of the analyte in surrogate urine matrix and A is the 

absolute peak area of the analyte in neat solvent (50% ACN). 

In addition, the U.S. Food and Drug Administration (FDA) recommends the comparison 

of the slopes of the calibration curves as a mean to evaluate matrix effects in ligand binding assays 

[35]. This approach is adopted to test the suitability of the surrogate blank urine as a valid substitute 

matrix for real derivatized urine. The methodological approach is described in details in Appendix 

2.1, Section B.                                                                                                                                                                                                            

B. Selectivity  

Six double blanks containing only solvents and acidic/basic reagents (i.e., no analytes or 

DNS-Cl) were prepared and spiked into six blank surrogate matrices prepared from six different 

sources of control urine according to the procedure in 2.3.5.B. The interferences experienced at 

the retention times of the 19 derivatized metabolites or their analogues 13C2-derivatized ISs were 

measured and the absolute peak areas were compared to that of the mean LLOQ according to 

Equation 2.3. The method is deemed selective for an analyte and its 13C2-derivatized IS if the 

interferences observed in the double blanks are less than 20% and 5% of LLOQ, respectively [36]. 

Equation 2.3. Standard or IS MRM channel =
mean peak area of double blanks 

mean peak area of LLOQ 
× 100  
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C. Carry Over Effects 

Carry over effects were investigated according to EMA guidelines [36]. The responses in 

blank solutions injected after highly concentrated samples were compared to that of the LLOQ. 

Carry over effects can be deemed insignificant if the interference observed in the subsequent 

blanks is less than 20% and 5% of LLOQ for the analyte and its corresponding IS, respectively 

[36]. 

D. Linearity 

For the construction of 8- points calibration curves, volumes from the 12C2-derivatized 

analytes stock solution were serially diluted with 50% ACN. Forty microliters of the appropriate 

dilution were mixed with 60 µL blank surrogate urine matrix containing 10 µL 13C2-derivatized 

ISs solution. Regression equations of the peak area ratios vs. the corresponding concentrations 

were generated using the least square regression model with a weighing factor of 1/x2. For 

accepting the calibration curve for each analyte, the back calculated concentration of the 

calibration points had to fall within 15% of the nominal concentration with the exception of the 

LLOQ that can tolerate up to 20% difference. At least 75% (six out of eight) of the calibration 

points must fulfil this criterion [35, 36, 49]. The lower limit of quantification was determined 

according to the signal-to-noise ratio. The analyte response at the lowest end of the calibration 

curve should be at least 5-times higher than the signal encountered at the blank [35, 36]. 

E. Intra- and Inter- Day Accuracy and Precision 

The intra- and inter-day accuracy and precision of the developed method were assessed, on 

three non consecutive days, using four QC levels covering the range of the calibration curves [35, 

36, 49]. The HQC was set at 83% of the ULOQ. The middle QC (MQC) was set at 42% of the 

calibration range and the lower QC (LQC) was 2.6- times the concentration of the LLOQ. The 
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LLOQ is the fourth level of the QC samples. QC samples were prepared from different stock 

solutions in six replicates, spiked into surrogate urine matrix and analyzed on three different days 

for the evaluation of inter-day accuracy and precision. The mean of the observed concentration 

must be within 15% of the nominal concentration for all levels except for the LLOQ (within 20%). 

In addition, it must not deviate from the nominal concentration more than 15 % with the exception 

of the LLOQ in which a CV% of 20% is still acceptable [35, 36, 49]. 

F. Stability Studies 

Stability was assessed using freshly prepared QC samples at multiple levels including 

benchtop stability, autosampler stability, freeze thaw stability, and short- and long-term stability. 

Details of the stability experiments are shown in Appendix 2.1, Section C.   

G. Dilution Integrity 

An aliquot from 12C2-derivatized analytes stock solution was spiked into surrogate urine 

matrix to produce a simulated urine sample in which the concentrations of the analytes are 6.7- 

fold higher than the ULOQ. Aliquots from this solution were 5, 10 and 20-fold diluted with blank 

surrogate urine and 50 µL of each were mixed with 50 µL of 50% ACN containing 10 µL of 13C2-

derivatized ISs. Patients’ samples that were initially analyzed early in the method development 

phase and were found to contain analytes at concentrations above their ULOQ, especially for 

histidine, were used to evaluate the investigated dilution range. After derivatization, these patients’ 

urine samples were diluted using blank surrogate urine matrix and reinjected into the system. This 

experiment was of particular importance in order to confirm the appropriateness of the tested 

dilution range before the application of the validated method on the study samples.  
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H. Incurred Sample Analysis 

In addition to QC samples, the accuracy and precision of the developed method were also 

evaluated on patient urine samples. Four patient samples were selected so that they would contain 

very low, very high and middle creatinine values amongst the analyzed patient samples. Sample 

analysis was done over 2 consecutive days and a third day which was 2 weeks apart. The 

concentrations percentage difference of the analytes obtained from their reanalysis should be 

within 20% of their mean for at least 67% of the repeats [36]. Since, guidelines adopt a similar 

cut-off value for the acceptance of method accuracy and precision, a CV% value of up to 20% was 

also deemed appropriate for the evaluation of the precision of the analysis. 

2.3.8.  Analysis of Patient Urine Samples 

Asthma and COPD patient urine samples were processed as described under 2.3.5.B. along 

with calibration and validation standards. The analytical run was started by equilibrating the 

instrument with triple injections of a HQC sample [50]. This was done to ensure the acceptable 

performance of the system before the analysis of a sample batch [50]. The batch was also ended 

by triple injection of the HQC sample to ensure system suitability throughout the batch [50]. Each 

batch consisted of double blank, blank, 8- point calibration set, three levels of QC samples prepared 

in duplicate and urine samples  [35, 36]. To minimize any chances of carry over effects, samples 

were arranged ascendingly according to their creatinine values. Data from the QC samples provide 

the basis of accepting or rejecting a single run. At least 67% of the QC samples must fall within 

15% of their respective nominal values. At least 50% of the QC samples at each level must fulfil 

this criterion [35, 36, 49]. 
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2.4. Results and Discussion 

2.4.1.  Rationale for Adopting DIL Strategy 

DNS-Cl is a well-established derivatizing reagent that readily reacts with primary and 

secondary amines as well as phenols in alkaline medium [51]. It is, therefore, an ideal choice for 

the targeted 19 metabolites. Chemical derivatization enhances the chromatographic separation of 

such polar and low molecular weight metabolites on conventional reversed stationary phases (e.g., 

C18) [39]. In addition, derivatization unifies, to some extent, the physicochemical properties of the 

produced derivatives bearing the same signature dansyl moiety [39]. Derivatization can also 

improves electrospray ionization (ESI) [39-41] and the introduced tag, such as DNS shift low 

molecular weight metabolites by 234 Da out of the low m/z region that typically exhibits high 

background noise, allowing for improved detectability [39].  

Most importantly, DIL can address one of the major hurdles in absolute metabolite 

quantification which is the availability of suitable ISs. Structural analogues cannot guarantee the 

accuracy and precision of quantification [39, 52] and the use of isotopically-labeled ISs is 

challenging due to their price or commercial availability [39, 53]. DIL technique uses two 

isotopologues of a derivatizing reagent to produce light and heavy (deuterated or 13C-containing) 

- derivatized metabolites. DIL using DNS-Cl allowed for the generation of a stable isotope IS for 

each target metabolite of the 19 targeted molecules, as discussed below.  
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2.4.2. Method Development 

A. Optimization of the Derivatization Reaction and Sample Preparation 

Since the metabolites of interest are endogenous in nature, it was essential to optimize the 

reaction conditions in patient urine samples and in the standard mixture (data not shown). Each 

derivatization reaction condition was varied while keeping all other conditions constant. Heating 

temperature was tried at 45 ºC and 60 ºC, whereas the heating time was investigated at 15, 30, 45 

and 60 min. Heating the reaction mixture for a period of 60 min at 60 ºC as reported [39, 47] did 

not add any significant enhancement in the obtained responses over the optimized conditions, 

particularly in the urine sample. As such, both conditions were optimized at 60 ºC and 30 min, 

respectively. Finally the reagent volume was tried at 20, 40, 60 and 80 µL and the volume was 

optimized at 40 µL. No significant advantage was obtained by using 40 µL from a relatively high 

concentrated 12C2-DNS-Cl solution (20 mg/mL).  

A volume of 30 µL of 0.5 M carbonate/bicarbonate buffer (pH 9.4), was sufficient to create 

the basic medium necessary for a reproducible dansylation reaction in urine and standard solutions. 

Higher volumes of the buffer were associated with an incompatible high salt content manifested 

as phase separation in the reaction mixtures. Although the basic method was based on published 

work [39, 47], the optimization experiments favored a shorter reaction time with much less reagent 

content, and consequently, less contamination/matrix effects in the mass spectrometer. 

Another vital element of the derivatization reaction is the composition of the 

organic/aqueous medium. A medium of 54% ACN was essential to prevent phase separation of 

the organic DNS-Cl solution in the reaction mixture following derivatization. Interestingly, a 

similar observation of solvent incompatibility was reported along with the formation of an 
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unknown precipitate in the reaction medium that contained 33% ACN [42]. However, increasing 

the ACN content to 50% was sufficient to overcome both issues [42]. 

  For the optimization of patient samples preparation, urine was 1:1 diluted with ACN and 

centrifuged at 13,000 rpm for 10 min. Enhancement in the analytical signals was not observed 

upon the filtration of the supernatant with 0.2 or 0.45 µm polyvinylidene fluoride (PVDF) filters 

(data not shown). Therefore, for the sake of simplicity and metabolite loss prevention, 50 µL 

aliquots from the centrifuged supernatant were directly transferred into the reaction vial for 

derivatization.  

Pertaining to the stoichiometry of the reaction, histidine and lysine contain two reactive 

amino groups, whereas tyrosine and bromo- and chloro- derivatives of tyrosine have a primary 

amine and a phenolic functional groups. The reaction of these metabolites with DNS-Cl could 

proceed either in a 1:1 [54] or 1:2 [39] stoichiometric fashion. We found that, under the 

derivatization conditions described above, the mono tagged tyrosine compounds represented less 

than 10% of the double derivatized products. In the case of lysine, 70% of the derivatized entity 

was a double tagged species. Histidine formed an almost equal ratio of both forms. The consistency 

of the stoichiometric behavior was confirmed through two main observations a) the derivatization 

optimization experiments and b) DNS-Cl hydrolytic product.  

The optimization of 12C2-DNS-Cl concentration/volume confirmed that no improvements 

in the intensity of the double tagged species were observed with higher concentrations/volumes of 

the reagent. On the other hand, heating the reaction mixture for an additional 10 min in the presence 

of NaOH resulted in the hydrolysis of excess DNS-Cl into dansyl hydroxide [51]. The presence of 

dansyl hydroxide, monitored at m/z 252.1>170.1 in the analyzed standards and urine solutions 
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confirmed that a remaining unreacted portion of DNS-Cl was indeed present at the end of the 

derivatization reaction and was successfully hydrolyzed with NaOH. Based on the above findings, 

transitions corresponding to the double tagged species were selected for all of the aforementioned 

analytes containing two potential reaction sites allowing for a 4.01 Da difference between each 

analyte and its corresponding IS. In addition, the double tagged metabolites were of higher 

hydrophobicity and were consequently well separated from other mono-tagged metabolites. The 

enhanced ionization of the double tagged metabolites due to the higher organic solvent content 

needed for their elution allowed for higher sensitivity during quantification.  

B. Optimization of the Mass Spectrometric Detection and Quantification 

The MS/MS fragmentation pattern for each derivatized metabolite was generated and 

rationalized. Product ions observed from the collision induced dissociation (CID)-MS/MS of the 

derivatives contained the dansyl moiety and that was in agreement with the reported fragmentation 

behavior of the reagent [47]. 

The most abundant product ions for all metabolites are observed at m/z 157.09 and m/z 

170.1, corresponding to the methyl amino naphthalene and dimethylamino naphthalene charged 

moieties, respectively (Figure 2.1) [47]. In order to allow for adequate mass spectrometric 

separation at unit resolution between each analyte and its IS, it was favorable to maintain the 

isotopically labeled methyl groups within the selected MRM transitions to achieve a mass 

difference of two mass units. For this reason, the product ion at m/z 170.1 was selected as the 

quantifier transition for all analytes. The collision energy and declustering potential were 

optimized for each analyte for maximum generation of the quantifier product ion. Additionally, 

diagnostic product ions were identified, whenever possible, for each analyte to confirm its identity 

in patient urine samples (Appendix 2.2, Table I). 
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Figure 2.1. Schematic representation of the general fragmentation pattern of the dansylated 

analyte. 

 

C. Optimization of the Chromatographic Separation 

Adequate separation of all analytes was achieved over 33-minute run using the optimized 

binary gradient mobile phase system (Figure 2.2). The presence of a perfectly co-eluting IS 

containing 13C2-carbons for each metabolite aided in its unambiguous identification in complex 

patient urine samples. For instance, urine samples contained multiple isomers of isoleucine that 

could also react with DNS-Cl. The secondary diagnostic product ion at m/z 350 was also present 

within the closest eluting peak to isoleucine which can be probably attributed to leucine (Appendix 

2.1, Section D; Figure II)). However, the combination of retention time matching with standard 

isoleucine peak in addition to pairing with 13C2-derivatized IS added absolute confidence in its 

quantification.  Unidentified dansylated isomers were also noticed with alanine and arginine, their 

chromatographic peaks were baseline resolved from the investigated analytes.  
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Figure 2.2. Representative extracted ion chromatogram of the optimized method for the 

quantification of 19 dansylated analytes in standard mixture. Each metabolite elutes as a peak pair 

of both derivatized isotopes.  

 

2.4.3.  Method Validation 

The guidelines for bioanalytical method validation issued by the FDA [35, 49] and EMA 

[36] were followed. Despite being inclusive platforms for biomedical analysis, these guidelines 

were not always sufficient to address the challenges associated with endogenous metabolite 

quantification. In the following discussion, validation criteria in these guidelines are discussed 

along with atypical analytical/statistical approaches that were adopted to meet the unforeseen 

challenges identified during method development and validation. 
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A.  Evaluation of Blank Surrogate Urine Matrix Suitability 

The FDA recommends the use of the same sample matrix for the construction of calibration 

curves and QC samples [35, 49]. However, this is not feasible when conducting a metabolomics 

study, where the metabolites of interest are endogenously present in the blank matrix. With the 

absence of guidelines on the acceptable matrix for standard preparations in metabolomics, various 

strategies have been employed including the use of solvents of reconstitution, simulated and 

stripped matrices, biological fluids with low endogenous concentration of metabolites, standard 

addition method or deuterated surrogate analytes [37, 55-57].  

On the other hand, underivatized urine was recently used as a surrogate matrix to which 

derivatized analytes were added [58]. The latter approach seemed, in principle, as the best strategy 

to adopt in this work. However, the derivatization procedure involved the addition of 

Na2CO3/NaHCO3 buffer, NaOH and FA that could change the nature of the urine (i.e., the matrix). 

Therefore, we introduced the surrogate blank urine matrix approach. Modified student t- test was 

used for the comparison between surrogate and derivatized matrices [58, 59].  t-test values were 

always lower than t-critical values at p= 0.05 suggesting the insignificant difference between both 

matrices. Therefore, the use of the surrogate urine matrix provided the most accurate concentration 

within the real derivatized patient samples (Appendix 2.2, Table II). 

B. Evaluation of Matrix Effects 

The FDA states that the identification and elimination of matrix effects should be 

investigated during the development phase of an HPLC-MS/MS method, however, it does not 

provide any guidelines on the evaluation of such effects [35]. On the other hand, specific guidelines 

on the evaluation of matrix effects have been compiled by the EMA [36]. We found that the matrix 

factor was 96-130%, where, the majority of analytes suffered from low ion enhancement effect 
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(Appendix 2.2, Table III). This effect, not commonly seen in MS, was further confirmed through 

the comparison of the slopes of calibration curves generated in surrogate blank urine and neat 

solvent (50% ACN) (Appendix 2.1, Section E). The vast variation in the obtained slopes further 

confirmed the unsuitability of the solvent as a substitute to the surrogate blank urine or derivatized 

urine samples (Appendix 2.1, Section E; Figure III).  

The CV% of IS normalized MF was lower than 15% in the developed method. In fact, the 

average values of the IS normalized MF were almost close to unity for all metabolites which 

indicates a very close similarity in the MS response between the analyte and it’s IS, typically 

satisfied with the use of isotope coded IS (Appendix 2.2, Table III) [57]. As such, the elution of a 

pair of chemically and physically similar compounds provides the best correction of matrix effects 

encountered from the urine.  

C. Selectivity 

Selectivity is described as the ability of the analytical method to unequivocally identify and 

quantify the analyte of interest in the presence of other components within a biological matrix [35, 

36]. The FDA recommends the use of six different sources of the blank biological matrix to 

confirm the selectivity at the LLOQ. However, the acceptance values for a selective method were 

not suggested [35]. On the other hand, the EMA guidelines specify that within the double blanks, 

interferences should be less than 20% and 5% of LLOQ of the analyte and its corresponding IS, 

respectively [36].                                                                             

As seen in Table 2.2, interferences encountered at the analyte and the IS channels for the 

19 metabolites were found to be less than 14 and 2%, respectively. If only these guidelines were 

to be followed, such results would be sufficient to confirm the selectivity of the developed method 
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for the 19 metabolites [35, 36]. However, due to the use of 13C2-labeled ISs that differ from their 

12C2- counterparts by merely two mass units, other challenges were associated with the IS purity 

and the metabolites’ natural isotopic peak interfering with their ISs. This necessitated extra 

analytical assessments which were not specifically mentioned in the currently available 

bioanalytical method validation protocols. Such challenge is expected as clinical metabolomics is 

relatively a new area of investigation with little reports available on validated methods for absolute 

quantification. 

The first interference, IS purity, is expected to arise from any 12C2-DNS-Cl impurity in the 

13C2-DNS-Cl that will eventually result in the false positive estimation of the analyte’s 

concentration [60]. The 12C2- impurity within 13C2-reagent would react in the IS reaction mixture 

giving rise to 12C2-derivatized analyte. In addition, the amount of the produced 13C2-derivatized IS 

would be less than the expected theoretical values. Being expressed as a ratio, the responses at the 

lower end of the calibration curve will be the most affected by any impurity in the used IS. In 

general, it can be argued that despite the absence of guidelines to evaluate the isotopic purity of 

DIL IS, the FDA and EMA recommendations can be still applicable if the 12C2-impurities within 

the 13C2-derivatized are treated as other interferences at the analyte’s MRM channel. 

Accordingly, in order to address purity issues, the typical selectivity experiment was 

repeated, however, the double blanks were spiked with the optimized 13C2-derivatized 

concentration with no 12C2-analytes added. Contributions from 12C2-impurities were then 

evaluated at the analytes channel. As shown in Table 2.2, these interferences were below 20% of 

the LLOQ for all analytes. In fact, all of them were below 12% with the vast majority below 7% 

(Table 2.2). This assessment confirms the adequate purity of the 13C2-reagent and accordingly, the 

adequate purity of the IS-produced derivatives.  
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The second source of interference is the contribution of the [M+H+2]+ natural isotopic peak 

of the 12C2-analyte on its IS’s Q1/Q3 transition. This contribution is more critical for all metabolites 

containing one dansyl tag as each IS differs from its 12C2-analyte by two mass units. On the other 

hand, doubly derivatized ISs, namely, 13C4-derivatized lysine, 13C4- derivatized histidine, 13C4- 

derivatized tyrosine, 13C4- derivatized chloro- and 13C4- derivatized bromo-tyrosine have adequate 

mass separation beyond the natural isotopic pattern of their analogues 12C4- derivatized analytes 

(4.01 units).  

For singly tagged compounds, the isotopic interference is more significant at the higher 

end of the calibration curve. At high concentrations of the analyte, its [M+H+2]+ isotopic peak 

concomitantly increases resulting in a false increase in the IS peak area also being integrated at the 

[M+H+2]+ channel. Consequently, a possible false negative estimation of the analyte response, 

expressed as a ratio relative to the IS, is possible leading to a non-linear relationship (Appendix 

2.1, Section F; Figure IV). The isotopic contribution can be corrected either through subtraction 

or applying algorithm programs for deisotoping or via narrowing the linear range to avoid the 

significant contribution of the analyte at higher concentration [60-62]. Neither of these approaches 

were suitable solution during the development/validation phase of this method, taking into account 

that a wide linear range was needed to cover the vast variation in concentrations among different 

metabolites. In addition, each metabolite can also considerably vary in concentration among urine 

samples depending on the hydration state of a patient. And for the sake of the method’s simplicity, 

an extra correction step that would need an in-house computer program was sought to be avoided.  

Alternately, another approach was adopted in which the concentration of the IS is increased 

so that the effect of the isotopic contribution from its analyte become negligible [60]. Logically, 

the maximum possible isotopic contribution would be encountered at the ULOQ. For this reason, 
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triplicates of the ULOQ were prepared without the inclusion of the IS and were analyzed. The 

mean response due to the contribution of the analyte’s isotopic peak was calculated at the IS’s 

channel. ISs spiked at concentrations equivalent to 66% of the ULOQ resulted in isotopic 

interferences less than 3% in the IS’s peak area which did not compromise the validity of method’s 

linearly, accuracy and precision (Appendix 2.1, Section F). 

D. Carry Over Effects 

No specific recommendations are available in the FDA guidelines for the evaluation of 

carry over effects, therefore, the EMA guidelines were used [35, 36]. Briefly, blank urine samples 

were analyzed following the injection of the ULOQ of the calibration curve as well as selected 

patient samples with high analyte concentrations. The responses obtained at the analyte channel in 

these blank solutions did not exceed 20% of that of the LLOQ indicating a negligible carry over 

(Appendix 2.2, Table III). However, during the processing of a preliminary batch of 12 patients’ 

samples, two metabolites in two samples showed carry over effects in their subsequent blank 

injections. No relationship was identified between the observed carry over effects and the 

contained analyte concentration, in fact, the analytes were within their linear ranges. This 

observation can be probably explained by the late elution of residues that had been retained on the 

column from previously highly concentrated solutions injected over time [57].  

To further avoid the rare possibility of carryover, we routinely injected blank samples after 

the ULOQ or HQC. Patient samples were also arranged ascendingly as per their creatinine values. 

The frequency of blank injection was increased towards the analysis of patient samples with high 

creatinine values. The autosampler needle was also washed using 5% isopropanol between the 

injected samples.  
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1Mean % Response = (Area double blank/mean LLOQ Area) ×100, n (double blank)= 6, n (LLOQ)= 3 

2Mean % Response = (Area blank/mean LLOQ Area) ×100, n (blank)= 6, n (LLOQ)= 3 

 3n (ULOQ)=3 

 Selectivity  
Purity of  

13C2-DNS-Cl 

Isotopic   

contribution 

Analyte 

Mean % Response of 

double blank at the 

analyte channel ± 

SD1 

Mean % Response of 

double blank at the IS 

channel ± SD1 

Mean % Response 

of blank at the  

analyte channel± 

SD2 

 Mean % isotopic 

contribution of the 

ULOQ on the IS 

channel ± SD3 

SAR 5.3 ± 2.5 0.8 ± 0.5 6.3 ± 0.7  1.1 ± 0.3 

1MH 2.2 ± 1.4 1.8 ± 2.0 2.6 ± 1.6  2.2 ± 0.4 

ISO 6.8 ± 2.8 1.6 ± 1.2 9.4 ± 0.8  1.1 ± 0.4 

VAL 6.8 ± 1.3 1.3 ± 0.9 11.3 ± 1.4  1.2 ± 0.4 

3BrTyr 1.5 ± 0.8 1.6 ± 1.0 7.0 ± 9.2  2.4 ± 0.6 

3ClTyr 1.2 ± 0.8 0.8 ± 0.9 2.3 ± 2.1  0.9 ± 0.3 

HIS 8.4 ± 5.2 0.8 ± 0.6 8.8 ± 9.9  0.2 ± 0.0 

THRE 7.4 ± 0.8 1.2 ± 0.6 7.1 ± 2.4 
 

1.4 ± 0.3 

TRP 4.7 ± 1.9 0.7 ± 0.5 6.8 ± 1.8  1.0 ± 0.3 

ALA 8.4 ± 1.4 1.6 ± 0.5 9.5 ± 1.7  1.5 ± 0.3 

GLU 4.5 ± 3.6 1.0 ± 1.0 5.3 ± 1.7  1.2 ± 0.2 

TYR 2.9 ± 1.9 0.5 ± 0.6 4.5 ± 4.6  0.3 ± 0.1 

SER 13.4 ± 4.4 1.3 ± 1.2 8.7 ± 4.7  1.3 ±0.2 

ARG 3.4 ± 2.4 1.1 ± 1.6 2.5 ± 1.6  1.6 ±0.3 

GLY 9.1 ± 2.0 0.6 ± 0.5 8.3 ± 2.7  1.5 ±0.2 

EtNH2 5.8 ± 4.4 0.5 ± 0.5 7.0 ± 0.6  2.4 ±0.0 

TAU 5.4 ± 3.0 0.9 ± 0.5 5.5 ± 1.8  1.4 ±0.1 

ASP 4.1 ± 3.1 0.6 ± 0.4 5.1 ± 3.3  1.2  ± 0.2 

LYS 1.8 ± 1.3 0.5 ± 0.5 0.5 ± 0.5  0.4 ± 0.2 

Table 2.2. Selectivity of the developed method, purity and isotopic contribution assessment of the 
13C2-DNS-Cl 
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E. Lower Limit of Quantification and Linearity 

The LLOQ was determined based on the regulatory guidelines, in which, at the LLOQ, 

each mean analyte peak area (n=6) is at least 5- times higher than that observed at the double blank 

[35, 36]. For validating method linearity, a set of eight calibration standards was used to construct 

a 200-fold linear curve for each derivatized analyte over the concentration ranges compiled in 

Appendix 2.2, Table IV. At least 75% of the calibration standards, six points including the LLOQ 

and ULOQ, showed acceptable deviations from their nominal values (±20% for LLOQ, ±15% for 

the other points). As seen in Appendix 2.2, Table IV, satisfactory linear relationships were 

achieved (r2 ≥0.990). 

Linearity was first constructed using the simple least square regression model. In order to 

assess the homoscedasticity of the regression analysis an F-test for the variances of LLOQ and 

HQC samples was conducted [63]. For all analytes, Fexperimental was larger than Fcritical indicating 

the necessity of a weighing factor to correct for the influence of the standard deviation of the large 

concentrations on the lower ones (Appendix 2.2, Table V). Factors of 1/x and 1/x2 were tested and 

% relative error values of the calculated concentrations generated using each regression equation 

were computed against the nominal value. For all analytes, a factor of 1/x2 resulted in the least sum 

of absolute % relative error values across the whole calibration range, and consequently, 1/x2 was 

used for curves weighing (Appendix 2.2, Table V) [63].  
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F. Intra- and Inter- Day Accuracy and Precision 

As seen from the data gathered in Appendix 2.2, Tables VI and VII, acceptable intra- and 

inter- day accuracies were demonstrated through the % recovery (%R) values that were between 

85% and 115% at all levels, as per the FDA and EMA guidelines [35, 36]. Intra and inter-day 

precision was also acceptable with a CV% less than 17% for the LLOQ and less than 15% for all 

other levels.  

G. Stability  

Stability studies were mainly conducted to ensure that the concentrations of the derivatized 

metabolites are not varied under conditions that are likely to be encountered during sample 

processing and analysis. On a routine basis, 3 hrs was the average sample processing time for a set 

of 15 patient samples along with the needed standards and QC solutions. For this reason, HQC and 

LQC samples (five replicates) were processed as described and they were set aside for an 

additional 4 hrs period at room temperature. QC samples analyzed against freshly prepared 

calibration standards were stable for 4 hrs, where their % R values were between 95% and 112% 

and their CV% values were less than 10% (Appendix 2.2, Table VIII).  

In addition to sample processing times, the relatively lengthy chromatographic run time 

necessitated the evaluation of the autosampler stability. QC samples were found stable for 48 hrs 

at 4 ºC (Appendix 2.2, Table VIII), thus allowing for overnight collection of data from patient 

samples.  

Freeze-thaw stability was also evaluated by exposing the prepared QC samples for three 

cycles of freezing to -80 ºC and thawing to room temperature. Freezing time in each cycle was not 

less 12 hrs. Again, derivatized QC samples were found stable (Appendix 2.2, Table VIII). 
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Although our standard operating procedure recommends the analysis of freshly prepared patient 

samples, the freeze-thaw stability of the processed samples showed that refreezing is possible 

during unforeseen instrument down times.  

Short- and long-term storage stability for 2 weeks and 3 months, respectively, was also 

appraised. From the data gathered (Appendix 2.2, Table VIII), derivatized samples remained stable 

after a 2-week storage period. However, the samples were not stable when stored for a longer 

period of time as the accuracies ranged from 75% to 89.9%. This finding was not of a concern as 

the derivatized samples are unlikely to be reanalyzed after a 3-month storage period. Alternatively, 

a freshly thawed urine sample can be analyzed if needed. Additionally, data gathered in (Appendix 

2.2, Table VIII) for evaluating 3-month stock stability showed acceptable accuracy and precision 

of the analyzed QC samples. 

Finally, the stability of underivatized urine (i.e., the metabolome stability) while being 

stored at -80 ºC, was assessed. An aliquot of a selected patient sample was thawed, processed and 

analyzed against a freshly prepared calibration curve once monthly over a 4-months period. The 

precision of the analysis for the majority of the quantified metabolites was acceptable as 

demonstrated by the CV% values that were less than 15%. The only metabolite outliers were 

arginine (15.97%) and sarcosine (51.3%) (Appendix 2.2, Table VIII). The unacceptable CV% for 

sarcosine can be attributed to its instability on the 3rd and 4th months of analyses or personal errors 

in sample analysis. There is a common consensus that lower temperatures of storage can preserve 

the metabolomic profile of biological samples. Unfortunately, a comprehensive study that 

compares temperature and storage stability of the metabolome is lacking, A recent review by 

Khamis el al. [64] provided more information on the published literature regarding the urine 

metabolome stability under different temperatures. 
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H. Dilution Integrity 

Dilution integrity was tested by mixing 12C2-derivatized analytes stock solution with blank 

surrogate urine matrix at ratio of 4:1. The obtained data demonstrates the acceptable accuracy and 

precision where the %R values were within ±15% and were not deviating by more than 15% 

(Appendix 2.2, Table IX). Dilution integrity was also evaluated at 50- and 100-fold level, however, 

unacceptable accuracies were usually obtained in some of the replicates leading to additional 

unacceptable precisions (data not shown). Nonetheless, there was not a single event during the 

analysis of 80 patient urine samples in which a 20-fold dilution was not sufficient to measure any 

of the derivatized metabolites existing outside their ULOQ. 

I. Incurred Sample Reanalysis 

Recent opinions suggest that despite the rigidity in validating bioanalytical methods, 

standards and QC samples may not entirely reflect the extent of the variation experienced in patient 

samples [65]. Consequently, incurred sample reanalysis has been encouraged to be included within 

the validation studies [36, 65]. In some cases, significant differences in the concentrations of 

analytes were reported when study samples were reanalyzed despite the acceptance of the batch 

through the included QC samples [65]. Despite the absence of recommendations with the FDA, 

the EMA suggests that 10% of the samples should be reanalyzed if the studied samples are less 

than 1000. The calculated concentrations should be within 20% of their mean in 67% of the repeats 

[36, 65].  

Accordingly, for a batch of 42 patient samples, aliquots from four selected patient urine 

samples were freshly thawed on 3 different days and analyzed in duplicates (six replicates in total). 

For two patients, the concentrations of all quantified metabolites were below 17 % of their mean 

in at least 67% of the repeats (Table 2.3) meeting the specifications set by the EMA that is 20% 
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in at least 67% [36, 65]. For one patient, one metabolite out of the 19 targets, 1-methylhistamine, 

showed unacceptable accuracies in 50% of the repeats specifically (%R = 71%, 121% and 125%). 

As for the last patient, percentage recoveries of alanine were possibly biased by the analyses 

obtained from day 3 (statistical outliers) (Table 2.3). Setting the distorted arithmetic mean as the 

reference for the calculation of % R, i.e., accuracy of alanine, resulted in values ranging from 39-

135%. In fact, these findings confirm the limitations of the available EMA guidelines where values 

compared to the arithmetic mean are highly likely to be influenced by outlier values. On the other 

hand, there have been analytical calls for using the original value as the reference value with the 

aim of avoiding the error induced by the skewed mean [65]. Despite the fact that the outliers 

represent around only 1.2% of the total measured values, the limited number of repeated patient 

samples remains as a limitation to that study. It should be emphasized that the remaining 18 

metabolites in patients 2 and 3 were within the acceptable criteria, as set by regulatory bodies. 
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Analyte 

 
Study subject 1 Study subject 2 Study subject 3 Study subject 4 

 
Found 

(ng/mL), 
n=6 

 

%R 

CV Found 

(ng/mL) 
n=6 

 

%R 

CV Found 

(ng/mL) 
n=6 

 

%R  

CV Found 

(ng/mL) 
n=6 

 

%R  

CV 

(%) (%) (%) (%) 

SAR 265.6 101.5 4.7 

 

 

 

 

 

361.6 101.2 11 

 

 

 

 

 

140.8 106.6 6.11 

 

 

 

 

 

104.8 112.4 12.3 

256.1 97.9 412.8 115.5 137.9 104.4 79.8 85.7 

241.6 92.4 340.8 95.4 122.4 92.7 106.9 114.8 

262.4 100.1 299.2 83.7 123.7 93.7 96.3 103.4 

278.4 106.4 385.6 107.9 138.6 104.9 82.1 88.4 

265.6 101.5 344.1 96.3 128.96 97.7 88.9 95.5 

1MH 

163.2 101.0 10.2 320.2 110.4 22.4 74.9 109.3 12.7 75.8 112.6 12.9 

161.6 100.1 
 

363.2 125.3 
 

72.8 106.7 
 

59.6 88.5 

135.0 83.6 
 

233.6 80.6 
 

55.0 80.8 
 

79.8 118.5 

154.1 95.4 
 

204.8 70.7 
 

59.4 87.3 
 

60.3 89.4 

184.1 113.9 
 

352.1 121.4 
 

76.3 111.4 
 

60.8 90.5 

171.2 106.0 
 

265.6 91.6 
 

71.8 104.9 
 

68.3 101.3 

ISO 

796.8 106.4 11.7 4592.1 108.4 12.8 486.4 108.1 10.0 323.2 111.9 9.6 

769.6 102.7 
 

5072.0 119.8 
 

480.2 106.7 
 

267.2 92.5 

588.8 78.6 
 

3952.0 93.3 
 

406.4 90.3 
 

318.4 110.3 

710.4 94.8 
 

3504.0 82.6 
 

382.4 85.0 
 

289.6 100.3 

817.6 109.2 
 

4208.1 99.4 
 

457.6 101.7 
 

252.8 87.5 

811.2 108.3 
 

4080.2 96.4 
 

486.4 108.1 
 

281.6 97.5 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 2.3. Incurred sample reanalysis for 4 patient samples using the optimized analytical method 

1
1
3
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VAL 

 

3263.9 

 

105.1 

 

9.6 

 

12656.0 

 

105.5 

 

10.3 

 

2448.2 

 

104.9 
 

6.3 

 

1452.8 

 

110.3 

 

11.2 

2895.8 93.3 
 

13824.0 115.1 
 

2448.1 104.9 
 

1228.8 93.3 

2639.9 85.0 
 

11520.1 95.9 
 

2240.4 95.9 
 

1550.4 117.7 

3056.1 98.5 
 

10544.1 87.8 
 

2112.1 90.4 
 

1265.6 96.1 

3376.0 108.0 
 

12624.1 105.0 
 

2480.0 106.2 
 

1214.4 92.2 

3392.1 109.3 
 

10912.2 90.8 
 

2288.2 97.9 
 

1193.6 90.6 

3BrTyr NA 
  

NA 
  

NA 
  

NA 
  

3ClTyr NA 
  

NA 
  

NA 
  

NA 
  

HIS 

20640.0 104.6 4.5 53760.0 88.2 17.82 30880.0 99.7 4.3 20800.0 115.4 8.0 

20320.0 102.9 
 

63040.0 103.6 
 

29600.2 95.5 
 

17760.1 98.5 

18080.0 91.6 
 

73120.1 120.0 
 

32480.2 104.2 
 

18240.1 101.2 

20000.1 101.5 
 

73440.1 120.5 
 

32160.3 103.8 
 

16800.2 93.2 

19840.1 100.5 
 

55360.2 90.9 
 

31520.1 101.7 
 

17120.4 94.9 

19520.0 98.9 
 

46880.0 76.9 
 

29280.1 94.5 
 

17440.0 96.8 

THRE 

8032.1 104.8 9.1 16640.1 106.7 13 6784.3 108.2 9.6 3952.3 124.6 14.3 

7984.1 104.1 
 

18400.1 117.9 
 

6432.3 102.6 
 

3168.3 99.9 

6432.2 83.9 
 

14048.2 90.0 
 

5888.1 93.9 
 

2816.1 88.8 

7472.0 97.5 
 

12992.2 83.3 
 

5232.1 83.5 
 

2640.2 83.3 

8480.1 110.1 
 

16480.1 105.4 
 

6736.2 107.4 
 

3216.1 101.3 

7600.2 99.1 
 

15040.2 96.4 
 

6544.2 104.4 
 

3232.2 101.9 

TRP 

7088.1 106.3 12 31040.1 103.3 11 3519.9 106.7 9.1 4272.1 119.4 12.4 

7024.2 105.3 
 

35360.2 117.7 
 

3504.0 106.2 
 

3632.1 101.5 

5360.0 80.4 
 

28160.3 93.8 
 

2912.1 88.3 
 

3542.1 97.9 

6112.0 91.6 
 

26560.4 88.5 
 

2912.4 88.3 
 

2912.2 81.4 

7120.4 106.8 
 

31680.2 105.5 
 

3472.2 105.3 
 

3408.0 95.2 

7312.1 109.64 
 

27360.0 91.1 
 

3472.1 105.3 
 

3744.0 104.6 
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ALA 

 

14448.0 

 

103.9 

 

7 

 

30399.9 

 

100.7 

 

9.4 

 

26880.2 

 

135.1 
 

46.8 

 

2944.3 

 

118.6 

 

10 

14242.0 102.3 
 

34240.2 113.4 
 

24800.0 124.7 
 

2384.1 96.0 

12032.1 86.5 
 

28000.4 92.8 
 

7776.1 39.1 
 

2576.4 103.8 

13776.6 99.0 
 

26720.4 88.5 
 

8032.4 40.4 
 

2256.4 90.9 

14720.1 105.8 
 

32639.9 108.1 
 

26720.0 134.4 
 

2336.3 94.1 

14239.8 102.4 
 

29119.8 96.5 
 

25120.4 126.3 
 

2400.1 96.7 

GLU 

31520.1 108.9 8.3 60159.7 101.4 12.4 31359.8 111.7 7.6 20640.0 124.2 14.4 

29920.4 103.4 
 

69600.2 117.3 
 

28480.4 101.4 
 

17600.0 105.9 

25279.8 87.4 
 

52160.1 87.9 
 

26720.3 95.2 
 

15536.4 93.5 

27358.8 94.6 
 

50400.4 84.9 
 

24959.7 88.9 
 

13456.6 80.9 

31200.0 107.3 
 

65119.8 109.8 
 

28319.6 100.8 
 

16319.6 98.2 

28320.0 97.9 
 

58559.6 98.7 
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2.4.4.  Analysis of Patient Samples 

Figure 2.3A and 2.3B are representative extracted ion chromatograms obtained from urine 

sample analyzed from asthmatic and COPD patients, respectively. Histidine and glutamine, in 

most of the samples, were present at concentrations above their ULOQ and sample dilution was 

required for their quantification. Occasionally (less than 30% of the studied samples) alanine and 

taurine quantification needed sample dilution as well, and rare cases of out-of-the range high 

concentrations (less than 5% of the samples) were observed for tryptophan, valine, ethanolamine 

and threonine. One interesting finding is that creatinine concentration was not always indicative 

of other metabolite concentration despite having a constant output/day/subject [66]. For bromo 

and chloro-tyrosine, both were not detected within all patient samples. This agrees well with the 

literature in which specific sample pre-concentration and extraction steps were needed for their 

quantification [67, 68]. As such, they were further relocated from group 1 to a new group (group 

4) for future investigation.  

Patient urine samples were analyzed by the developed methodology and data was 

normalized to creatinine and analyzed using partial least square discriminant analysis (PLS-DA). 

Blinded asthma and COPD samples analyzed using SIMCA® software (Umetrics, Sweden) were 

adequately assigned with their correct diagnosis based on the concentration of metabolites 

included in the training set (data not shown). The altered metabolites identified as the final 

biomarkers for differential diagnosis of asthma and COPD along with the involved biochemical 

pathways is outside the scope of this work. However, data generated from all metabolites 

previously identified from the 1H-NMR will be compiled in a separate research article focusing on 

the clinical relevance. 
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Figure 2.3. Extracted ion chromatogram of derivatized metabolites quantified in (A) asthma and 

(B) COPD patient urine sample. 
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2.5. Conclusion 

An accurate, sensitive and validated method for the quantification of 19 urinary metabolites 

bearing amino and/or phenolic groups is successfully developed. The differential isotope labeling 

approach is used so that conventional C18 column is applied with significant enhancement in 

ionization. Dansyl chloride was an excellent choice for derivatization as it allowed for the 

generation of an internal standard for each metabolite addressing matrix effects and any variations 

resulting from sample preparations. During method validation, key challenges were observed, 

particularly in the optimization the linear ranges for each metabolite in patient urine samples. 

Validation of selectivity was also halted by the presence of isotopic contribution from the light 

derivatized metabolites.  

 The statistical analysis using partial least square discriminant analysis from the dansylated 

metabolites will be combined with the results obtained from the remaining target metabolites. The 

results from patient samples and the identified biomarkers for the differential diagnosis of asthma 

and COPD will be published in a separate research article where more emphasis on clinical aspect 

of the findings is discussed.  

In summary, we have demonstrated the combination of differential isotope labeling with 

liquid chromatography tandem mass spectrometric analysis for targeted biomarker discovery. This 

technique can allow the development and validation of robust analytical methods needed for 

biomarkers quantification prior to FDA submission. By adopting this methodology, different 

submetabolome of carboxylic acids [58], alcohols [69] and thiols [70] can be targeted and 

quantified.  
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2.7. Appendix 2.1 

 

Section A: Synthesis of 12C2 /13C2-DNS-Cl 

The first step employed in the synthesis of 12C2-labeled DNS-Cl was adopted from 

Bergmann and Pfleiderer (Figure I) [1], where 5-aminonapthalene-1-sulfonic acid (0.76 g, 3.4 

mmol) was added slowly in portions to a solution of 1.05 gm NaHCO3 (12.5 mmol) in 3.5 mL of 

ice-cooled water in a round bottom flask. Under nitrogen, 0.7 mL 12C2-dimethylsulphate (7.4 

mmol) was added dropwise over 30 min to the stirred ice-cooled solution. Afterwards, the stirred 

mixture was warmed under reflux to 80 ºC for 30 min. Finally, the mixture was cooled to room 

temperature and acidified with 0.46 mL concentrated HCl (until a pH value of approximately 4). 

The precipitated product, 12C2-5-dimethylaminonapthalene-1-sulphonic acid (656 mg, 67% yield), 

was filtered, washed with water, dried to constant weight in air and at 120 ºC [1, 2].  

The second step: chlorination of 12C2-5-dimethylaminonapthalene-1-sulphonic acid, was 

achieved according to the method described by Mendel (Figure I)  [3]. The use of POCl3 /PCl5 for 

chlorination [3] was favored over dry mixing with PCl5 as described by Bergmann and Pfleiderer 

[1] due to the significantly improved yield content obtained by Mendel’s reaction. The use of PCl5 

at different equivalents for dry mixing resulted in a lower yield of 12C2-DNS-Cl (highest yield at 

3.1 equivalents of PCl5 (58%)). In contrast, the use of POCl3 /PCl5 for chlorination yielded 85% of 

12C2-DNS-Cl and was accordingly adopted in the synthesis scheme.  

In order to chlorinate the sulphonic acid intermediate, 0.64 g of 12C2-5-

dimethylaminonapthalene-1-sulphonic acid (2.2 mmol) was mixed with 1.7 mL of POCl3 (18.2 

mmol) at room temperature under the exclusion of moisture. To this magnetically stirred solution, 
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0.92 g of PCl5 (4.42 mmol) was slowly added portion wise over 5 min. The generated paste was 

allowed to stir at room temperature upon which it melted into a dark amber solution within 2 hrs. 

After a 24 hrs stirring period at room temperature, the mixture was allowed to cool to 0 ºC and the 

excess of POCl3 and PCl5 was decomposed through the efficient stirring of the mixture with 150 g 

of ice. The chlorinated product, 12C2-5-dimethylaminonapthalene-1-sulphonyl chloride, 12C2-

DNS-Cl, was extracted with diethyl ether (4 × 75 mL). The combined organic layers were then 

washed with 50 mL 0.1 M NaOH, dried over MgSO4 and filtered. Upon the concentration of the 

organic extract through solvent evaporation under a stream of nitrogen at room temperature, an 

orange oil was produced which solidifies into orange-yellow crystals at 4 ºC (504 mg, yield 85%). 

The produced crystals were then dissolved in hot hexane and filtered from hexane insoluble 

impurities for purification. Chilling of the filtrate at 4 ºC yielded orange-yellow reagent crystals 

(330 mg, yield 66%) [3].  

For the synthesis of 13C2-DNS-Cl, the same procedure was followed with the exception of 

the use of 13C2-dimethylsulphate for dimethylation of 5-aminonapthalene-1-sulfonic acid in the 

first step of the synthesis. For each of the synthesized products, either 13C2-DNS-Cl or 12C2-DNS-

Cl, the confirmation of identity was achieved using MS (QTRAP 4000) and 1H-NMR.  

S

NH2

OO
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+
S

O

O
O

O
CH3

CH3

NaHCO
3

HCl, pH 4

5-aminonaphthalene-1-sulfonic acid
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N

OO
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CH3
CH3

PCl
5
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N

OO

Cl

CH3
CH3

5-(dimethylamino)naphthalene-1-sulfonic acid

80oC, 30 min

* *

POCl
3

RT, 24 hrs

**

*

*

 

Figure I: Reaction scheme for the synthesis of 12C2-/
13C2-dansyl chloride through a two-step 

reaction.  
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Section B: Slope comparison for matrix effects assessment 

In order to test the suitability of the surrogate blank urine as a valid substitute matrix for 

real derivatized urine, two sets of calibration standards were prepared; one in blank surrogate urine 

matrix and another using real derivatized urine (i.e., standard addition method). Two 7- points 

calibration curves were constructed by plotting the peak area ratio vs. the corresponding 

concentration for each derivatized analyte. The slopes were compared using modified Student t-

test according to the following equation (Equation I) [4, 5].  

Equation I: t= (b1-b2)/ Sb1-b2 

, where b is the slope and Sb1-b2 = [(S2
y.x)p/(Σx2)1 + (S2

y.x)p/(Σx2)2]
1/2  and (S2

y.x)p = (residual 

SS)1+(residual SS)2/(residual DF)1+ (residual DF)2.                                                                                                                                                                                                               
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Section C: Stability studies 

 

The stability of the produced derivatives was evaluated using freshly prepared QC sets, in 

which each set consists of LQC (n=5) and HQC (n=5) samples [6-8]. A set of QC samples left at 

room temperature for 4 hrs (benchtop stability) and another set left at 4ºC for 48 hrs (autosampler 

stability) were analyzed against freshly prepared calibration samples.  

A third QC set was exposed to three freeze-thaw cycles, in which samples were frozen at -

80 ºC for 24 hrs, thawed to room temperature for 1 hr, and then refrozen to -80 ºC. Cycles were 

separated by at least a 12 hrs freezing period. At the time of analysis, samples were thawed to 

room temperature, vortexed for 10 sec and then analyzed against a freshly prepared calibration set. 

Short- and long- term storage at -80 ºC were evaluated following 2 weeks and 3 months periods, 

respectively.  Finally, the stability of the working stock solution was evaluated. A 3-month old 

working stock solution was used to prepare QC samples that were analyzed against a freshly 

prepared calibration curve in order to evaluate working stock solution stability. 
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Section D: Optimization of the chromatographic separation 

Figure II demonstrates the unequivocal identification of isoleucine using retention time 

matching as well as pair matching with 13C2-IS. Extracted ion chromatograms (XIC) in asthmatic 

patient sample are obtained for (A) quantifier MRM transition of isoleucine showing multiple 

peaks possibly corresponding to various structural isomers, (B) an overlay of quantifier/ qualifier 

MRM transitions of isoleucine, showing two adjacent peaks. Both XICs cannot confirm isoleucine 

identity with confidence. Peak pairing of 13C2-isoleucine and quantifier/ qualifier MRM transitions 

of isoleucine in (C), resulted in an unambiguous identification of the target metabolite 

 

 

XIC of +MRM (58 pa irs): 365 .150/170 .100 Da  ID: ISO  from Sample 21 (P 29) of  DataSE T1.wif f (Tu rbo Spray) Max. 3.5e5 cps.

2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32

Time, min

0.0

2.0e4

4.0e4

6.0e4

8.0e4

1.0e5

1.2e5

1.4e5

1.6e5

1.8e5

2.0e5

2.2e5

2.4e5

2.6e5

2.8e5

3.0e5

3.2e5

3.4e5

In
te

n
s

ity
, c

p
s

15 .18

5 .31

14.87

10.11

10.48

7.58
14 .63

9.63
13 .66

XIC of +MRM (58 pa irs): 365 .150/170 .100 Da  ID: ISO  from Sample 21 (P 29) of  DataSE T1.wif f (Tu rbo Spray) Max. 3.5e5 cps.

2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32

Time, min

0.0

2.0e4

4.0e4

6.0e4

8.0e4

1.0e5

1.2e5

1.4e5

1.6e5

1.8e5

2.0e5

2.2e5

2.4e5

2.6e5

2.8e5

3.0e5

3.2e5

3.4e5

In
te

n
s

ity
, c

p
s

15 .18

5 .31

14.87

10.11

10.48

7.58
14 .63

9.63
13 .66

A 

365.15>170 

B 

365.15>170- Blue 

365.15>350- Red 



 

133 
 

 
 

Figure II: Identification of isoleucine in patient urine samples in the presence of interfering 

derivatized metabolites, where (A) is extracted ion chromatogram (XIC) of m/z365.15>170 

(Quantifier transition), (B) is XIC of m/z 365.15>170 and 365.15>350 (Quantifier and Qualifier 

transitions) and (C) is XIC of m/z 365.15>170, 365.15>350 (Quantifier and Qualifier transitions) 

and m/z 367.15>172 (13C2-derivatized IS). 
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Section E: Evaluation of matrix effects 

 

Figure III: ion enhancement effects observed with representative derivatized metabolites in the surrogate urine approach.   

 

1
3
4
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Section F: Validation of method selectivity 

The use of internal standards (ISs) that fall within the isotopic envelope of the analytes 

would typically result in the false estimation of the ISs responses due to the isotopic contribution 

of the analyte on the obtained signals. This effect is more pronounced at lower concentrations of 

the ISs leading to a non-linear relationship. Figure IV represents three calibration curves in which 

the ISs were spiked at (A) 66.67%, (B) 16.67 % and (C) 1.3% of the ULOQ. A non-linear trend is 

clearly visible in (C) with unacceptable accuracies. The ULOQ in (B) is passing the +/- 15% 

acceptance criteria set by the regulatory bodies [6,7]. Higher probabilities of quantification error 

are expected in near-to-ULOQ metabolites within this model. Finally, the validation criteria of 

linearity and accuracy are better met in (A) where the effect of the isotopic contribution of the 

ULOQ is negligible on the ISs. 
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Figure IV: Calibration curves constructed using three different concentration levels of spiked ISs, 

in which level (A) is 66.67%, level (B) is 16.67% and level (C) is 1.3% of the ULOQ. Tryptophan 

is taken as an example for illustration.  

 

Sample 
Name 

Analyte 
Concentration 

(ng/mL) Accuracy (%) 

8 IS=C2 7.5 101 

7 IS=C2 25 96.6 

6 IS=C2 75 100 

5 IS=C2 250 108 

4 IS=C2 500 96.2 

3 IS=C2 750 102 

2 IS=C2 1000 101 

1 IS=C2 1500 95.9 
 

 

Sample 
Name 

Analyte 
Concentration 

(ng/mL) Accuracy (%) 

8 IS=C5 7.5 100 

7 IS=C5 25 98.6 

6 IS=C5 75 101 

5 IS=C5 250 101 

4 IS=C5 500 117 

3 IS=C5 750 95.5 

2 IS=C5 1000 98.9 

1 IS=C5 1500 88.1 
 

 

Sample 
Name 

Analyte 
Concentration 

(ng/mL) Accuracy (%) 

8 IS=LOQ 7.5 94.2 

7 IS=LOQ 25 110 

6 IS=LOQ 75 127 

5 IS=LOQ 250 110 

4 IS=LOQ 500 118 

3 IS=LOQ 750 83.7 

2 IS=LOQ 1000 86.6 

1 IS=LOQ 1500 70.4 
 

A 

B 

C 



 

137 
 

References 

 

1. Bergmann F, Pfleiderer W. Nucleotides. Part XLI. The 2‐dansylethoxycarbonyl (  2‐{[5‐

(dimethylamino) naphthalen‐1‐yl] sulfonyl} ethoxycarbonyl; dnseoc) group for protection 

of the 5′‐hydroxy function in oligodeoxyribonucleotide synthesis. Helvetica chimica acta. 

1994;77:203-15. 

2. Guo K, Li L. Differential 12C-/13C-isotope dansylation labeling and fast liquid 

chromatography/mass spectrometry for absolute and relative quantification of the 

metabolome. Analytical chemistry. 2009;81:3919-32. 

3. Mendel A. Improved preparation of 5-dimethylamino-1-naphthalenesulfonyl chloride. 

Journal of chemical and engineering data. 1970;15:340-1. 

4. Zar JH. Biostatistical Analysis: Prentice Hall 1999. 

5. Stanislaus A, Guo K, Li L. Development of an isotope labeling ultra-high performance 

liquid chromatography mass spectrometric method for quantification of acylglycines in 

human urine. Analytica chimica acta. 2012;750:161-72. 

6. EMA. Euroepan Medicines Agency. Committee for Medicinal Products for Human Use 

(CHMP). Guideline on Bioanalytical Method Validation. 2011. 

7. US-FDA. Food and Drug Administration. FDA guidance for industry: bioanalytical 

method validation. US Department of Health and Human Services, Food and Drug 

Administration, Center for Drug Evaluation and Research: Rockville, MD. 2001. 

 

 

 

 



 

138 
 

2.8. Appendix 2.2 

12C2- Analyte Abbreviation Q1  

(Da) 

Q3 

(Da) 

Qualifier2 

Suggested structure of 

qualifier fragment 

Collision 

Energy 

(CE) 

Declustering 

potential 

(DP) 

Sarcosine-DNS SAR 323.11 157.09 

NH CH3

.+

 

27 66 

1-Methylhistamine-

DNS 
1MH 359.15 109.08 

N

N

CH2

CH3

H
+

 

41 75 

Isoleucine-DNS ISO 365.15 350.13 

O

OH

CH3 CH3

NH

S

NH

CH3

O

O

.+

 

31 65 

Valine-DNS VAL 351.14 336.11 

O

OH

NH

CH3CH3

S OO

NH
CH3

.+

 

30 75 

Table I: Chromatographic and MS parameters of the 19 studied 12C2- analytes1 

1
3
8
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3-bromotyrosine-2DNS 3BrTyr 726.09 492.03 

OH

NH

O

OH

N

CH3

CH3

S

O

OBr

.+

 

50 70 

3-chlorotyrosine-2DNS 3ClTyr 682.14 448.09 

OH

NH

O

OH

N

CH3

CH3

S

O

OCl

.+

 

50 70 

Histidine-2DNS HIS 622.18 234.06 

S
+ O

O

N

CH3

CH3

 

47 85 

Threonine-DNS THRE 353.12 338.09 

CH3

OH

O

NH

OH

NH CH3

S
O

O

.+

 

30 70 

Tryptophan-DNS TRP 438.15 130.07 

N

CH2

H
+

 

39 60 

Alanine-DNS ALA 323.10 157.09 Same as SAR 29 73 

Glutamine-DNS GLU 380.13 234.06 Same as HIS 37 60 

Tyrosine-2DNS TYR 648.18 234.06 Same as HIS 50 90 

1
3
9
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1Injection volume: 5 µL, 1200 Agilent autosampler set at 4 ºC. Chromatographic separation: Kinetex C18 column (100 mm×2.1 mm, 5 

µm ID, 100 Å pore size, phenomenex, Canada), maintained at 22 ºC. A binary gradient mobile phase system, 0.25 mL/min (A) 0.1% 

formic acid in 5% ACN and (B) 0.1% formic acid in ACN. Elution: t=0 min; 90% A, t=6 min; 70% A, t=19 min; 35% A, t=23 min; 

1% A, t=24 min; 1% A, t=24.1 min; 90% A, t=34 min; 90% A. Quantification was achieved in the multiple reaction monitoring 

(MRM) scan mode using electrospray ionization in the positive ion mode. Curtain gas (CUR): 30, collision gas (CAD): 6, nebulizer 

gas (GS1) at 50 and heater gas (GS2) at 50. The entrance potential (EP) and collision exit potential (CXP) for all transitions were 

fixed at 10 and 12, respectively. The collision energy (CE) and Declustering potential (DP) were separately optimized for each 

analyte. The dwell time was 20 msec for each transition at unit resolution with 1.4504 sec cycle time and 5.007 msec pause between 

mass ranges. Data processing was achieved on Analyst® 1.6 software (Applied biosystems). 

2 Quantifier ion is fixed for all derivatized metabolites at m/z= 170.1 

Serine-DNS SER 339.10 324.08 
O

OH

NH

OH

S
O

O

NH

CH3

.+

 

29 70 

Taurine-DNS TAU 359.07 344.05 

NH

NH
CH3

S

O

O

S

O

O

OH

.+

 

35 70 

Arginine-DNS ARG 408.17 234.06 Same as GLU 45 70 

Glycine-DNS GLY 309.10 157.09 Same as SAR 29 75 

Ethanolamine-DNS EtNH2 295.11 157.09 Same as SAR 32 55 

Asparagine-DNS ASP 366.11 157.09 Same as SAR 35 70 

Lysine-2DNS LYS 613.21 234.06 Same as GLU 38 80 

 

1
4
0
 



 

141 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

*t critical= 2.179, 95% confidence level, n1=n2=7, df=12 

 

Analyte 
Slope in 

surrogate urine 

Slope in real 

urine 
t experimental* 

SAR 3.72E-03 3.85E-03 0.986 

1MH 2.01E-03 2.14E-03 2.08 

ISO 1.74E-03 1.83E-03 1.35 

VAL 1.83E-03 1.88E-03 1.55 

3BrTyr 1.74E-03 1.79E-03 1.24 

3ClTyr 2.32E-03 2.41E-03 1.09 

HIS 2.15E-03 NA NA 

THRE 9.58E-04 9.11E-04 1.06 

TRP 9.41E-04 9.25E-04 0.82 

ALA 9.23E-04 9.50E-04 0.98 

GLU 9.76E-04 9.18E-04 1.43 

TYR 1.16E-03 1.13E-03 1.57 

SER 4.46E-04 4.77E-04 1.61 

ARG 4.87E-04 4.62E-04 1.99 

GLY 5.18E-04 5.23E-04 0.31 

EtNH2 4.38E-04 4.28E-04 1.28 

TAU 5.05E-04 4.94E-04 0.57 

ASP 4.54E-04 4.34E-04 1.48 

LYS 2.97E-04 2.96E-04 0.18 

Table II: Comparison of the slopes of the calibration curves generated in surrogate and real urine 
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Analyte 
MF±RSD% 

(n=12) 

IS normalized   

MF±RSD% 

            (n=12) 

Carry over  

(Blank peak area/LLOQ 

peak area ×100), n=6 

SAR 1.0±5.0 0.97±7.6 0.4 

1MH 0.8±10.6 0.95±5.2 3.1 

ISO 1.0±5.5 0.96±7.7 7.4 

VAL 1.0±5.2 0.96±5.6 10.6 

3BrTyr 1.2±9.7 1.07±8.3 12.7 

3ClTyr 1.2±9.5 0.97±7.4 10.6 

HIS 1.2±5.1 0.97±5.1 13.5 

THRE 1.1±4.9 0.94±6.4 11.2 

TRP 1.1±11.8 1.00±7.7 7.8 

ALA 1.0±5.9 0.97±6.9 6.2 

GLU 1.0±4.0 0.95±6.9 7.9 

TYR 1.1±4.1 0.96±7.4 16.3 

SER 1.0±5.5 0.99±5.6 18.8 

ARG 1.1±11.6 0.94±7.0 7.3 

GLY 1.0±5.1 0.98±6.1 13.3 

EtNH2 0.9±3.6 0.96±5.3 7.0 

TAU 1.1±5.2 1.00±5.2 8.9 

ASP 1.2±9.5 0.98±6.3 7.3 

LYS 1.3±7.1 0.95±6.9 8.4 

Table III: Evaluation of the matrix and carry over effects encountered in the developed method for the 

quantification of the 19 metabolites 
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Analyte 

Concentration 

in working 

stock mixture 

(µg/mL) 

Concentration 

range 

(ng/mL) 

Regression equation 

Coefficient of 

determination 

(R2) 

Concentration 

of IS 

(ng/mL) 

SAR 12.5 1.875-375 y = 0.00379 x + 0.000623 0.9964 250 

1MH 15.8 2.37-474 y = 0.00318 x + 0.003330 0.9964 315 

ISO 25 3.75-750 y = 0.00191 x + 0.000841 0.9966 500 

VAL 25 3.75-750 y = 0.00181 x + 0.001260 0.9962 500 

3BrTyr 25 3.75-750 y = 0.00181 x + 0.000717 0.9974 500 

3ClTyr 25 3.75-750 y = 0.00224 x + 0.000298 0.9972 500 

HIS 25 3.75-750 y = 0.00199 x + 0.000032 0.9956 500 

THRE 50 7.5-1500 y = 0.00893 x + 0.001110 0.9966 1000 

TRP 50 7.5-1500 y = 0.00085 x + 0.000532 0.9972 1000 

ALA 50 7.5-1500 y = 0.00091 x + 0.001040 0.9970 1000 

GLU 50 7.5-1500 y = 0.00089 x + 0.001430 0.9974 1000 

TYR 50 7.5-1500 y = 0.00106 x + 0.000901 0.9960 1000 

SER 100 15-3000 y = 0.00042 x + 0.001760 0.9948 2000 

ARG 100 15-3000 y = 0.00045 x + 0.000554 0.9958 2000 

GLY 100 15-3000 y = 0.00049 x + 0.002450 0.9968 2000 

EtNH2 100 15-3000 y = 0.00043 x + 0.003430 0.9978 2000 

TAU 100 15-3000 y = 0.00046 x + 0.001510 0.9954 2000 

ASP 100 15-3000 y = 0.00040 x + 0.001820 0.9956 2000 

LYS 160 24-4800 y = 0.00038 x + 0.000504 0.9976 3200 

Table IV: Regression parameters for the determination of the 19 studied 12C2- analytes using the 

developed method 
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*F critical; 5.05 at 95% confidence interval, df=5,5  

 

 

Analyte 

F-statistical for 

homogeneity of variance* 

Σ%RE 

Unweighted 1/x 1/x2 

SAR 27266.5 349.8 48.2 33.8 

1MH 83505.3 563.4 53.1 37.1 

ISO 89424.8 273.2 48.5 35.1 

VAL 110398.8 81.7 53.3 47.1 

3BrTyr 44960.8 274.7 69.7 54.5 

3ClTyr 35614.9 95.0 56.5 56.1 

HIS 28172.4 649.9 81.1 48.5 

THRE 60664.7 245.4 34.7 30.7 

TRP 107373.5 72.3 51.7 47.4 

ALA 168588.3 273.1 46.5 34.2 

GLU 146190.5 138.0 43.1 38.0 

TYR 73242.6 391.3 48.1 18.5 

SER 89660.4 239.5 36.6 27.8 

ARG 101065.7 527.5 68.4 59.3 

GLY 184188.5 377.5 48.3 27.5 

EtNH2 107391.5 326.2 39.4 32.2 

TAU 113124.1 448.8 46.1 32.4 

ASP 18317.3 313.8 34.4 33.7 

LYS 1271572.0 68.9 25.1 24.5 

Table V: Evaluation of homoscedasticity of unweighted/weighted calibration curves 
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Analyte Day 

Quality control level 

LLOQ LQC MQC HQC 

Nominal 

(ng/mL) 

Found 

(ng/mL)±SD 

Accuracy 

(%) 

CV 

(%) 

Nominal 

(ng/mL) 

Found 
(ng/mL) 

±SD 

Accurac
y 

(%) 

CV 

(%) 

Nominal 

(ng/mL) 

Found 

(ng/mL)±SD 

Accuracy 

(%) 

CV 

(%) 

Nominal 

(ng/mL) 

Found 

(ng/mL) ±SD 

Accuracy 

(%) 

CV 

(%) 

                  

SAR 
1 

1.88 

1.78±0.1 92.6 5.7 

5 

5.2±0.1 103.2 1.6 

156 

158.4±2.2 101.8 1.4 

313 

297.0±9.2 95.0 3.1 

2 1.92±0.2 85.0 11.8 5.2±0.2 103.7 4.7 169.2±7.7 108.4 4.6 316.0.±29.5 101.0 9.3 

3 1.86±0.1 98.8 4.2 5.3±0.2 105.7 4.0 161.6±7.8 103.6 4.8 323.0±3.4 103.2 1.1 

1MH 
1 

2.37 

2.08±0.2 87.8 9.3 

6.32 

6.1±0.2 96.3 4.1 

197 

199.2±4.7 101.3 4.6 

395 

386.0±16.0 97.8 4.2 

2 2.45±0.2 103.5 7.1 6.7±0.4 105.5 5.3 214.6±3.9 109.2 1.8 375.0±38.2 95.0 10.2 

3 2.42±0.1 102.1 3.6 6.7±0.5 106.2 3.6 203.4±7.4 103.2 3.6 399.0±20.8 100.9 5.3 

ISO 
1 

3.75 

3.68±0.1 98.2 2.6 

10 

10.3±0.6 103.3 0.6 

313 

317.6±11.0 101.6 3.5 

625 

609.0±17.2 97.4 2.8 

2 3.65±0.3 97.2 7.3 10.9±0.6 109.2 5.8 343.8±8.8 109.6 2.6 598.0±48.2 109.6 2.6 

3 3.78±0.1 100.8 2.4 10.6±0.4 106.0 4.1 330.8±9.3 105.8 2.8 609.4±28.9 97.5 4.7 

VAL 
1 

3.75 

3.46±0.1 92.3 4.5 

10 

10.5±0.7 105.1 6.8 

313 

324.6±4.6 103.8 1.4 

625 

608.0±13.3 97.2 2.2 

2 4.07±0.2 108.3 5.9 10.9±0.2 108.6 2.2 337.4±11.6 107.8 3.4 623.0±53.4 99.8 8.6 

3 4.30±0.2 114.8 3.7 11.0±0.5 110.0 4.2 324.0±8.0 103.4 2.5 621.2±18.2 99.4 2.9 

3BrTyr 
1 

3.75 

3.73±0.6 99.4 16.1 

10 

9.9±0.9 99.4 9.3 

313 

315.0±10.5 100.7 3.3 

625 

625.2±16.0 100.2 2.6 

2 3.57±0.4 96.4 12.1 10.6±0.9 106.4 8.2 324.0±16.6 102.9 5.1 592.3±7.3 94.7 9.7 

3 4.01±0.2 107.0 5.4 9.8±0.9 97.9 9.1 323.0±22.5 102.3 7.0 624.0±21.9 99.86 3.5 

3ClTyr 
1 

3.75 

3.37±0.1 88.2 3.1 

10 

9.7±0.7 97.2 7.6 

313 

314.0±3.4 100.3 1.0 

625 

613.0±10.4 98.2 1.7 

2 3.67±0.5 97.8 12.9 10.4±0.7 104.0 6.6 326.0±8.9 104.0 2.7 635.6±63.2 101.6 10.0 

3 4.00±0.2 106.6 11.3 10.3±0.6 102.6 6.8 324.0±14.4 103.6 4.5 650.5±33.5 104.0 5.2 

HIS 
1 

3.75 

3.61±0.2 96.3 4.3 

10 

910.0±0.2 99.5 2.2 

313 

313.2±3.6 99.9 1.1 

625 

623.0±22.6 99.7 3.6 

2 3.68±0.3 98.1 8.1 9.9±0.6 98.5 5.8 335.2±14.6 107.2 4.4 638.0±25.2 102.1 4.0 

3 3.53±0.5 94.2 12.8 9.5±0.8 95.0 8.7 318.8±3.9 101.8 1.2 636.0±19.9 101.7 3.1 

THRE 
1 

7.5 

7.2±0.2 95.3 3.3 

20 

21.0±0.5 105.2 2.4 

625 

626.8±12.2 100.3 2.0 

1250 

1192.5±42.7 95.4 3.6 

2 7.6±0.8 101.1 10.3 21.1±1.0 105.5 4.7 700.6±14.3 112.2 2.0 1220.3±149.8 97.6 12.3 

3 8.2±0.4 108.8 4.3 21.4±0.7 106.8 3.0 656.0±48.2 104.8 7.4 1286.0±32.1 102.9 2.5 

  
 

 

 
 

 
 

 
 

 

 

 
 

 
 

 
 

 

 

 
 

 
 

 
 

 

 

 
 

 
 

 
 

Table VI: Intra-day precision and accuracy of the developed method for the quantification of the 19 12C2- analytes 

 

1
4
5
 



 

146 
 

 

TRP 

 

 

1 7.5 7.2±0.1 96.1 1.6 20 20.2±1.1 100.9 5.3 625 643.8±16.2 103.0 2.5 1250 1218.0±34.2 97.44 2.8 

2 7.8±0.5 103.2 6.6 21.7±1.5 108.3 6.9 657.2±20.9 105.3 3.2 1150.0±122.9 92.0 10.7 

3 7.4±0.4 98.9 5.9 20.1±0.8 100.9 4.0 648.8±20.3 103.6 3.1 1258.0±48.2 100.6 3.8 

ALA 
1 

7.5 

7.4±0.2 99.3 2.7 

20 

20.6±1.7 103.0 8.1 

625 

635.8±8.4 101.8 1.3 

1250 

1178.0±22.8 94.2 1.9 

2 8.3±0.3 110.8 4.0 21.3±1.3 106.2 5.9 625.8±23.4 104.5 3.6 1175.0±108.9 94.0 9.3 

3 7.8±0.2 103.6 1.9 20.3±0.6 101.5 3.7 634.6±27.0 101.6 4.3 1232.0±37.0 98.6 3.0 

GLU 
1  7.0±0.2 92.7 3.1 

20 

19.8±0.5 99.2 2.6 

625 

625.2±10.9 100.0 1.7 

1250 

1208.0±29.5 96.7 2.5 

2 7.5 6.9±0.4 92.3 5.3 21.4±1..0 107.0 4.8 677.8±26.2 108.4 3.9 1208.0±87.0 96.6 7.2 

3  7.5±0.5 100.0 7.2 20.1±1.8 100.4 9.0 660.8±45.0 105.6 6.8 1238.0±76.2 99.0 6.1 

TYR 
1  6.8±0.2 90.1 3.6 

20 

20.1±1.1 100.3 5.5 

625 

651.2±3.1 104.4 0.5 

1250 

1258.6±41.5 100.6 3.3 

2 7.5 7.6±0.2 101.4 2.3 20.1±1.3 100.2 6.4 614.4±36.1 102.6 5.6 1214.4±8.7 97.2 8.7 

3  7.7±0.3 102.7 4.2 19.6±0.8 98.4 4.2 638.6±27.6 104.3 4.3 1226.1±23.0 98.1 1.9 

SER 
1  13.7±0.3 91.1 2.2 

40 

41.8±0.5 104.6 1.1 

1250 

1250.0±41.8 99.9 3.4 

2500 

2430.3±108.0 97.1 4.5 

2 15 14.7±1.0 99.0 6.8 42.5±2.3 106.2 5.3 1368.0±47.6 109.4 3.5 2416.1±204.5 96.7 8.5 

3  14.8±0.7 98.4 4.7 41.7±1.9 104.3 4.6 1336.0±72.3 106.8 5.4 2618.2±35.6 104.6 1.4 

ARG 
1  14.2±0.6 94.6 4.0 

40 

41.0±2.4 102.7 5.9 

1250 

1252.0±46.0 100.3 3.7 

2500 

2488.1±59.8 99.6 2.4 

2 15 14.5±0.9 97.0 6.0  41.8±2.2 104.5 5.3 1304.0±42.2 104.2 3.2 2414.1±300.1 96.5 12.3 

3  15.2±06 101.0 4.1 42.5±2.7 106.4 6.3 1254.0±45.1 100.5 3.6 2616.3±198.7 104.6 7.6 

GLY 
1  13.5±0.4 90.0 2.7 

40 

40.3±1.7 100.8 4.2 

1250 

1252.0±17.9 100.4 1.4 

2500 

2388.1±61.4 95.5 2.6 

2 15 16.1±0.9 106.8 5.5 42.2±2.3 105.5 5.6 1366.0±55.5 109.2 4.1 2488.0±326.0 99.4 13.0 

3  14.3±0.5 95.4 3.6 40.5±2.0 101.3 4.9 1306.0±66.6 104.8 5.1 2462.3±36.3 98.4 1.5 

EtNH2 
1  14.1±0.8 93.8 5.8 

40 

41.0±2.2 102.5 5.6 

1250 

1256.0±21.9 100.4 1.7 

2500 

2404.2±76.4 96.1 3.2 

2 15 14.7±0.6 97.6 4.1 41.4±2.6 103.7 6.3 1390.0±62.5 111.0 4.5 2392.1±199.8 95.7 8.4 

3  15.5±0.8 103.5 5.3 40.4±1.2 101.0 2.9 1300±57.9 104.0 4.5 2560.2±59.6 102.5 2.3 

TAU 
1  14.4±0.4 95.6 3.0 

40 

40.7±2.0 101.9 4.9 

1250 

1268.0±42.1 101.4 3.3 

2500 

2496.3±72.3 99.7 2.9 

2 15 16.0±1.1 106.6 6.7 44.1±1.4 110.2 3.2 1338.0±39.6 107.0 3.0 2456.2±181.9 98.2 7.4 

3  16.3±1.0 108.9 6.1 39.3±2.2 98.36 5.6 1314.0±45.0 105.0 3.43 2558.1±178.1 102.1 9.0 

ASP 
1  13.5±0.4 89.6 2.9 

40 

39.4±1.3 98.3 3.3 

1250 

1244.0±18.2 99.6 1.6 

2500 

2416.2±88.8 96.6 3.7 

2 15 14.9±2.2 99.4 14.6 42.0±1.7 105.2 4.0 1342.0±61.0 107.4 4.5 2458.1±234.4 98.3 9.5 

3  15.3±0.9 101.7 6.2 41.3±1.8 103.6 4.3 1334.0±39.1 106.8 2.9 2562.2±38.3 102.8 1.5 

LYS 
1  23.7±0.4 98.8 1.7 

64 

66.6±4.2 103.9 6.3 

2000 

1986.0±27.0 99.3 1.4 

4000 

3844.1±48.3 96.2 1.3 

2 24 23.7±0.5 98.6 2.1 69.1±2.3 108.0 3.3 2070.0±29.2 103.6 1.4 3854.2±425.2 96.4 11.1 

3  23.4±0.3 97.4 1.4 67.7±2.1 105.8 3.2 2030.0±77.1 101.5 3.8 3712.1±142.2 92.8 3.83 
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Analyte 

Quality control level 

LLOQ LQC MQC HQC 

Nominal 

(ng/mL) 

Found 

(ng/mL)±SD 

Accuracy 

(%) 

CV 

(%) 

Nominal 

(ng/mL) 

Found 

(ng/mL) 
±SD 

Accuracy 

(%) 

CV 

(%) 

Nominal 

(ng/mL) 

Found 

(ng/mL)±SD 

Accuracy 

(%) 

CV 

(%) 

Nominal 

(ng/mL) 

Found (ng/mL) 
±SD 

Accuracy 

(%) 

CV 

(%) 

SAR 1.88 1.87±0.2 99.3 8.0 5 5.2±0.2 103.7 3.5 156 162.2±7.6 104.0 4.7 313 309.1±25.3 98.8 8.2 

1MH 2.37 2.32±0.2 97.8 9.8 6.32 6.51±0.5 102.9 7.0 197 205.7±8.4 104.4 4.1 395 386.8±26.7 97.9 6.9 

ISO 3.75 3.73±0.2 99.3 4.6 10 10.6±0.6 106.2 5.5 313 330.7±14.3 105.6 4.3 625 605.5±31.9 96.9 5.3 

VAL 3.75 3.90±0.4 105.2 10.3 10 10.8±0.5 107.9 4.8 313 328.7±10.2 105.0 3.1 625 614.5±31.9 98.8 5.2 

3BrTyr 3.75 3.77±0.5 100.5 12.1 10 10.1±0.9 101.2 9.0 313 319.1±16.3 101.9 5.1 625 614.1±37.4 98.3 6.1 

3ClTyr 3.75 3.69±0.4 98.1 10.6 10 10.1±0.7 101.3 6.8 313 321.3±10.7 102.7 3.3 625 632.7±41.8 101.2 6.6 

HIS 3.75 3.61±0.3 96.2 8.6 10 9.8±0.6 97.7 6.0 313 322.4±12.7 103.0 4.0 625 632.3±22.0 101.2 3.5 

THRE 7.5 7.6±0.6 101.8 8.4 20 21.2±0.7 105.8 3.3 625 661.0±41.9 105.8 6.3 1250 1232.7±94.3 98.6 7.7 

TRP 7.5 7.5±0.4 99.4 5.8 20 20.7±1.3 103.4 6.3 625 649.9±18.7 104.0 2.9 1250 1208.7±82.3 96.7 7.1 

ALA 7.5 7.9±0.4 104.6 5.5 20 20.7±1.3 103.5 6.1 625 641.1±21.4 102.6 3.3 1250 1199.3±70.8 99.9 5.9 

GLU 7.5 7.1±0.5 95.0 6.4 20 20.5±1.4 102.2 6.6 625 653.4±38.1 104.5 5.8 1250 1218.0±65.4 97.4 5.4 

TYR 7.5 7.4±0.5 98.0 6.8 20 19.9±1.0 99.7 5.2 625 643.7±25.0 103.0 3.9 1250 1232.7±64.7 98.6 5.3 

SER 15 14.4±0.9 96.2 6.0 40 42.0±1.6 105.1 3.9 1250 1318.0±72.8 105.4 5.5 2500 2488.0±157.4 99.5 6.3 

ARG 15 14.9±0.9 99.4 6.3 40 41.8±2.4 104.5 5.6 1250 1270.0±48.1 101.6 3.8 2500 2506.0±213.3 100.2 8.5 

GLY 15 14.6±1.3 97.5 8.6 40 41.4±1.9 103.5 4.5 1250 1308.0±67.5 104.6 5.1 2500 2446.0±183.6 97.8 7.5 

EtNH2 15 14.8±0.9 98.4 6.4 40 41.0±1.9 102.4 4.8 1250 1315.0±75.4 105.2 5.7 2500 2452.0±142.7 98.1 5.8 

TAU 15 15.5±1.2 103.6 7.8 40 41.3±2.7 103.4 6.6 1250 1306.7±49.4 104.5 3.8 2500 2503.0±147.9 100.1 5.9 

ASP 15 14.5±1.5 96.7 10.4 40 40.9±1.9 102.3 4.5 1250 1306.7±60.9 104.5 4.7 2500 2478.0±149.7 99.1 6.0 

LYS 24 23.6±0.4 98.3 1.8 64 67.8±3.0 105.9 4.4 2000 2028.7±58.4 101.4 2.9 4000 3803.0±250.2 95.1 6.6 
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Table VII: Inter-day precision and accuracy of the developed method for the quantification of the 19 12C2- analytes 
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Analyte Stability 

 Quality Control 

 LQC    HQC   

Nominal 

(ng/mL) 
Found (ng/mL) ±SD 

Accuracy 

(%) 

CV 

(%) 

Nominal 

(ng/mL) 

Found (ng/mL) 
±SD 

Accuracy 

(%) 

CV 

(%) 

SAR 

48 h 4°C 

5 

5.2±0.3 104.2 6.6 
 

 

313 

314.0±14.5 100.4 4.6 

3 FT cycles 4.8±0.3 96.6 6.0 305.0±24.7 97.5 8.1 

Bench RT 4h 5.4±0.2 108.0 3.4 320.2±13.1 102.2 4.1 

2 Weeks  5.7±0.2 113.4 2.1 307.5±13.3 98.2 4.3 

3 Months 4.3±0.3 82.6 8.1 
 

347.2±4.4 110.9 1.3 

Stock stability 5.1±0.2 101.3 4.3 296.6±44.5 94.7 3.9 

4 Months 
 Metabolome stability (ng/ mL urine, n=4)  

 198.0±101.6 NA 51.3  

1MH 

48 h 4°C 

6.32 

6.4±0.3 101.5 3.9 

395 

99.6±2.4 99.6 2.4 

3 FT cycles 6.1±0.7 96.4 10.5 409.8±23.5 103.6 5.7 

Bench RT 4h 6.7±0.2 105.2 2.9 406.8±14.5 102.8 3.6 

2 Weeks 6.9±0.4 108.7 5.7 389.3±9.8 98.5 2.5 

3 Months 4.9±1.7 78.0 2.2 361.4±3.8 91.5 4.1 

Stock stability 6.0±0.7 94.6 11.8 367.2±25.4 93.0 6.9 

4 Months  
Metabolome stability (ng/ mL urine, n=4)     

163.7±14.1 NA 8.6     

ISO 

3 Months 

10 

10.5±0.5 105.4 4.3 

625 

607.4±16.6 97.2 2.7 

3 FT cycles 10.0±0.6 99.7 6.2 610.4±33.3 97.1 5.5 

Bench RT 4h 10.8±0.4 107.8 3.3 658.8±12.5 105.6 1.9 

2 Weeks 10.6±0.1 106.3 1.2 660.3±28.8 105.6 4.4 

3 Months 8.1±0.3 81.2 4.0 582.5±12.9 93.2 13.0 

Stock stability 9.9±0.3 99.3 2.8 592.6±31.3 94.8 5.3 

4 Months  
Metabolome stability (ng/ mL urine, n=4)     

709.6±48.6 NA 6.8     

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table VIII: Stability of the developed method for the quantification of the 19 12C2- analytes 
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VAL 

48 h 4°C  

 

10 

11.3±0.3 112.8 2.7  

 

625 

614.8±17.9 98.4 2.9 

3 FT cycles 10.0±0.4 100.4 4.0 632.2±44.4 101.3 7.0 

Bench RT 4h 10.8±0.4 108.0 3.5 658.4±10.9 105.4 1.7 

2 Weeks 10.5±0.2 105.3 2.1 623.5±20.3 99.8 3.3 

3 Months 7.9±0.3 79.3 3.8 585.9±10.6 93.8 1.8 

Stock stability 9.8 ±0.3 97.7 3.3 580.4 ±27.5 92.9 4.7 

4 Months  
Metabolome stability (ng/ mL urine, n=4)     

2928.0±259.0 NA 8.9     

3BrTyr 

48 h 4°C 

10 

9.5±0.5 95.4 5.6 

625 

597.0±16.5 95.5 2.8 

3 FT cycles 9.3±0.5 92.5 5.1 629.8±59.8 102.4 9.5 

Bench RT 4h 9.5±0.7 94.9 7.3 634.0±32.6 101.4 5.1 

2 Weeks 9.6±0.3 95.6 3.1 619.8±25.6 99.1 4.1 

3 Months 8.1±0.9 80.9 10.9 571.7±20.5 91.5 3.6 

Stock stability 8.6±0.9 86.0 10.2 585.6 ±24.7 93.7 4.2 

4 Months  
Metabolome stability (ng/ mL urine, n=4)     

<LLOQ NA NA     

3ClTyr 

48 h 4°C 

10 

10.3±0.3 102.8 2.8 

625 

642.2±44.8 102.6 7.0 

3 FT cycles 9.6±0.4 96.3 4.2 652.2±70.9 104.3 10.9 

Bench RT 4h 10.5±0.6 104.5 5.4 684.4±36.8 109.4 5.4 

2 Weeks 10.1±0.7 100.6 6.7 639.5±32.7 102.3 5.1 

3 Months 8.2±0.5 81.7 6.4 556.9±40.1 89.1 7.2 

Stock stability 9.7 ±0.6 97.2 6.0 605.6 ±40.5 96.9 6.9 

4 Months  
Metabolome stability (ng/ mL urine, n=4)     

<LLOQ NA NA     

HIS 

48 h 4°C 

10 

10.0±0.9 100.3 8.7 

625 

600.6±36.7 96.0 6.1 

3 FT cycles 9.6±0.5 95.5 4.9 632.6±47.9 100.9 7.6 

Bench RT 4h 10.3±0.3 102.9 3.0 671.6±32.2 107.5 4.8 

2 Weeks 10.6±0.5 105.8 4.3 628.5±11.8 100.6 1.9 

3 Months 7.8±0.4 77.9 4.9 533.1±16.7 85.3 3.1 

Stock stability 8.7 ±1.0 87.2 10.9 565.4 ±20.9 90.4 3.7 

4 Months  

Metabolome stability (ng/ mL urine, n=4)     

20280.0±1961.0 NA 9.7 
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THRE 

48 h 4°C  

20 

21.9±4.6 109.2 4.2  

1250 

1244.0±3.9 99.5 0.3 

3 FT cycles 20.0±1.4 99.6 7.1 1208.0±109.2 96.8 9.0 

Bench RT 4h 21.6±0.8 108.2 3.8 1332.0±77.9 106.4 5.9 

2 Weeks 20.9±0.7 104.5 3.7 1300.0±46.9 104.0 3.6 

3 Months 16.8±0.9 84.1 5.5 1214.0±35.3 97.1 2.9 

Stock stability 18.9±0.6 94.6 3.3 1178.0±13.00 98.2 1.1 

4 Months  
Metabolome stability (ng/ mL urine, n=4)     

6856.0±860.0 NA 12.6     

TRP 

48 h 4°C 

 

20 

21.3±1.2 106.4 5.6 

 

1250 

1250.0±57.2 100.0 4.6 

3 FT cycles 21.6±1.2 108.1 5.6 1258.0±146.2 100.7 11.6 

Bench RT 4h 21.2±0.6 105.6 2.9 1312.0±606 104.9 4.6 

2 Weeks 20.9±0.7 104.5 3.4 1300.0±46.9 104.0 3.6 

3 Months 17.2±0.8 86.0 2.2 1134.7±15.4 90.8 1.4 

Stock stability 19.2 ±0.6 96.2 3.2 1228.0±37.7 102.3 3.1 

4 Months  
Metabolome stability (ng/ mL urine, n=4)     

6256.0±695.2 NA 11.1     

 

ALA 

48 h 4°C 

20 

21.2±0.9 106.2 4.0 

1250 

1230.0±35.4 98.4 2.9 

3 FT cycles 19.3±0.8 96.3 4.3 1304.0±139.8 104.3 10.7 

Bench RT 4h 21.7±0.5 108.4 2.5 1292.0±27.8 103.0 2.2 

2 Weeks 22.0±0.6 109.9 2.5 1280.0±8.2 102.4 0.6 

3 Months 16.6±0.4 83.0 2.7 1161.9±28.1 93.0 2.4 

Stock stability 19.1 ±1.4 95.6 7.3 1142.0±37.0 95.2 3.2 

4 Months  
Metabolome stability (ng/ mL urine, n=4)     

13368.0±1240.0 NA 9.3     

 

GLU 

48 h 4°C 

 

20 

20.7±0.8 103.6 4.0 

 

1250 

1298.0±55.0 108.2 4.2 

3 FT cycles 19.9±1.6 99.4 8.2 1176.0±61.9 93.9 5.3 

Bench RT 4h 21.8±0.8 109.0 3.8 1322.0±51.9 105.8 3.9 

2 Weeks 21.0±0.4 104.8 2.1 1307.5±67.0 104.6 5.1 

3 Months 17.9±0.7 89.3 4.1 1266.3±55.3 101.3 4.4 

Stock stability 18.3 ±0.6 94.6 3.2 1178.0±53.2 97.8 4.5 

4 Months  
Metabolome stability (ng/ mL urine, n=4)     

28880.0±3898.0 NA 13.5     
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TYR 

48 h 4°C  

 

20 

21.0±0.4 104.8 2.1  

 

1250 

1234.0±35.1 98.7 2.8 

3 FT cycles 19.5±0.9 97.2 4.7 1220.0±106.8 97.7 8.8 

Bench RT 4h 21.1±0.9 105.2 4.1 1256.0±36.5 100.6 2.9 

2 Weeks 20.5±0.6 102.3 2.9 1257.5±61.3 100.6 4.9 

3 Months 15.1±0.3 75.6 2.1 1068.8±51.1 85.4 4.8 

Stock stability 18.2±1.0 91.1 5.3 1176.0±67.7 98.0 5.7 

4 Months  
Metabolome stability (ng/ mL urine, n=4)     

7576.0±676.4 NA 8.9     

 

SER 

48 h 4°C 

 

 

40 

44.2±0.9 110.4 2.1 

2500 

2570.0±91.9 102.8 3.6 

3 FT cycles 40.5±1.8 101.1 4.4 2448.0±245.7 97.8 10.0 

Bench RT 4h 44.8±2.3 112.0 5.2 2502.0±80.4 100.3 3.2 

2 Weeks 45.8±0.5 114.4 1.0 2557.0±77.2 102.3 3.0 

3 Months 34.8±0.8 87.0 2.2 2344.4±37.9 93.8 1.6 

Stock stability 37.5±2.2 93.7 5.8 2350.0±77.5 94.0 3.3 

4 Months  
Metabolome stability (ng/ mL urine, n=4) 

 
   

17920.0±2036.0 NA 11.4    

ARG 

48 h 4°C 

40 

42.5±1.2 106.0 2.9 

2500 

2472.0±69.8 98.9 2.8 

3 FT cycles 38.2±2.6 95.6 6.8 2516.0±300.5 100.5 11.9 

Bench RT 4h 43.0±1.3 107.4 3.1 2710.0±36.1 108.4 1.3 

2 Weeks 38.0±2.0 94.9 5.2 2490.0±191.3 99.6 7.7 

3 Months 31.8±2.5 79.6 1.5 2408.1±71.5 90.8 3.0 

Stock stability 37.9±5.6 94.7 14.9 2440.0±203.8 97.6 8.4 

4 Months  
Metabolome stability (ng/ mL urine, n=4)  

 

   

2092.0±334.2 NA 16.0    

GLY 

48 h 4°C 

40 

44.0±1.6 109.8 3.7 

2500 

2448.0±77.3 97.9 3.2 

3 FT cycles 39.6±1.8 99.0 4.5 2414.0±123.0 96.5 5.1 

Bench RT 4h 44.7±1.2 111.8 2.7 2572.0±101.1 102.9 3.9 

2 Weeks 44.0±2.0 110.0 4.6 2525.0±67.5 101.0 2.7 

3 Months 33.7±1.1 84.3 3.3 2335.6±97.0 94.2 4.1 

Stock stability 39.2 ±1.2 98.0 2.9 2322.0±66.1 92.9 2.9 

4 Months  
Metabolome stability (ng/ mL urine, n=4) 

 
   

39120.0±3264.0 NA 8.3    
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EtNH2 

48 h 4°C 40 42.0±1.8 106.6 4.2 2500 2522.0±75.3 100.8 3.0 

3 FT cycles 37.7±2.1 94.4 5.5 2500.0±171.8 100.0 6.9 

Bench RT 4h 42.7±1.9 106.6 4.4 2632.0±50.7 105.4 1.9 

2 Weeks 42.8±2.6 107.0 6.0 2545.0±127.7 101.8 5.0 

3 Months 33.8±1.9 84.4 5.5 2363.1±76.0 94.5 3.2 

Stock stability 37.3 ±1.9 93.5 5.1 2360.0±67.5 94.4 2.9 

4 Months  
Metabolome stability (ng/ mL urine, n=4) 

 
   

28320.0±367.0 NA 11.2    

TAU 

48 h 4°C 

40 

43.1±4.6 106.7 4.6 

2500 

2564.0±5.9 102.5 0.2 

3 FT cycles 39.7±2.6 99.2 6.4 2426.0±126.7 97.0 5.2 

Bench RT 4h 42.0±1.8 108.8 4.3 2586.0±116.7 103.4 4.5 

2 Weeks 41.4±1.5 103.5 3.7 2605.0±52.6 104.2 2.0 

3 Months 34.5±1.3 86.3 3.7 2411.9±36.9 96.5 1.5 

Stock stability 36.8±2.6 92.0 7.1 2426.0±143.1 97.0 5.9 

4 Months  
Metabolome stability (ng/ mL urine, n=4)     

4588.0±479.0 NA 10.5     

ASP 

48 h 4°C 

40 

43.1±1.8 107.8 4.1 

2500 

2516.0±59.0 100.7 2.3 

3 FT cycles 40.5±1.8 101.2 4.3 2268.0±148.2 90.8 6.5 

Bench RT 4h 41.6±1.9 104.1 4.5 2582.0±146.5 103.4 5.7 

2 Weeks 43.9±1.5 109.7 3.5 2395.0±41.2 95.8 1.7 

3 Months 34.8±1.3 86.9 3.8 2480.0±86.5 99.2 3.5 

Stock stability 36.7 ±2.0 91.9 5.4 2230.0±73.5 89.2 3.3 

4 Months  
Metabolome stability (ng/ mL urine, n=4) 

 
   

6308.0±939.0 NA 14.9    

LYS 

48 h 4°C 

64 

71.0±1.5 111.0 2.2 

4000 

3684.0±97.6 92.1 2.7 

3 FT cycles 58.3±2.1 91.1 3.5 3972.0±178.5 99.4 4.5 

Bench RT 4h 67.9±3.1 106.0 5.0 4276.0±133.0 106.8 3.1 

2 Weeks 68.4±1.9 106.8 2.7 3922.5±76.3 98.1 2.0 

3 Months 53.7±1.6 83.1 3.0 3486.0±119.0 87.2 3.4 

Stock stability 69.6 ±2.3 108.8 3.3 3564.0±153.3 89.1 4.3 

4 Months  
Metabolome stability (ng/ mL urine, n=4)     

1852.0±85.0 NA 4.6     

1
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Analyte 

 Folds of dilution 
Concentration 

in spiked 

sample 
10-Fold 20-Fold 40-Fold 

(µg/mL) Nominal 
(ng/mL) 

Found 
(ng/mL)±SD 

Accuracy 
(%) 

CV 
(%) 

Nominal 
(ng/mL) 

Found 

(ng/mL) ±SD 

Accuracy 
(%) 

CV 
(%) 

Nominal 
(ng/mL) 

Found  

(ng/mL) ±SD 

Accuracy 
(%) 

CV 
(%) 

SAR 2.5 250 257.6±6.4 103.0 2.5 125 127.0±8.9 101.6 7.0 62.5 65.4±3.1 104.6 4.7 

1MH 3.15 315 314.2±12.5 99.7 4.0 158 162.4±9.4 102.9 5.8 79 82.9±3.6 105.0 4.4 

ISO 5 500 478.9±16.7 95.7 3.5 250 253.4±22.8 101.2 9.0 125 135.0±5.8 108.2 4.3 

VAL 5 500 498.2±8.9 99.2 1.8 250 256.6±17.7 102.7 6.9 125 134.8±4.3 107.8 3.2 

3BrTyr 5 500 493.8±13.2 98.8 2.7 250 255.8±17.0 102.5 6.7 125 127.8±2.6 102.0 2.0 

3ClTyr 5 500 505.8±15.6 101.2 3.1 250 261.8±21.6 104.5 8.2 125 125.0±6.1 99.9 4.9 

HIS 5 500 487.0±10.0 97.4 2.1 250 248.0±8.0 99.2 3.2 125 119.8±7.3 95.9 6.1 

THRE 10 1000 1018.0±33.0 101.8 3.2 500 516.4±52.6 103.2 10.2 250 270.2±9.3 108.4 3.5 

TRP 10 1000 962.8±35.3 96.3 3.7 500 488.0±24.0 97.5 4.9 250 261.0±11.8 104.2 4.5 

ALA 10 1000 974.6±46.0 97.5 4.7 500 492.8±41.1 98.7 8.3 250 269.6±15.4 107.6 5.7 

GLU 10 1000 1053.4±56.8 105.3 5.3 500 500.2±61.7 100.0 12.3 250 273.2±9.8 109.2 3.6 

TYR 10 1000 955.0±24.6 95.5 2.6 500 500.2±35.2 100.2 7.0 250 248.0±7.4 99.2 3.0 

SER 20 2000 2116.0±35.1 105.8 1.7 1000 1031.6±99.0 103.2 9.7 500 552.4±21.2 110.6 3.8 

ARG 20 2000 1938.0±69.1 96.9 3.6 1000 998.4±103.3 99.8 10.4 500 549.4±30.5 109.9 5.6 

GLY 20 2000 1974.0±55.1 98.5 2.8 1000 989.6±78.6 99.0 7.9 500 544.6±5.6 108.6 1.0 

EtNH2 20 2000 1032.8±66.7 103.3 6.5 1000 1998.0±44.4 99.8 2.2 500 543.6±24.1 108.8 4.4 

TAU 20 2000 2038.0±72.1 101.8 3.5 1000 1026.4±85.4 102.6 8.3 500 528.2±18.9 105.4 3.6 

ASP 20 2000 1940.0±66.7 97.1 3.4 1000 999.6±109.7 100.0 11.0 500 534.8±27.3 107.0 5.1 

LYS 32 3200 2962.0±81.4 92.5 2.7 1600 1632.0±90.4 101.8 5.5 800 830.0±26.7 103.8 3.2 

Table IX: Dilution integrity19 12C2- analytes spiked in the blanks surrogate matrix  
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Transitioning rationale:  

With the successful method development and validation for group 1 metabolites (Chapter 

2), the development of a novel LC-MS/MS method for another metabolites group (group 3) is 

described. Unlike the previous LC-MS/MS method, a common derivatizing reagent is not feasible. 

In this chapter (Chapter 3), we describe the use of HILIC technology and stable isotopes as 

internal standards for the quantification of group 3 metabolites in urine.  

 

3.1. Abstract 

The diagnosis of asthma and chronic obstructive pulmonary disease (COPD) can be 

challenging due to the overlap in their clinical presentations in some patients. There is a need for 

a more objective clinical test that can be routinely used in primary care settings. Through a semi-

targeted proton nuclear magnetic resonance (1H-NMR) urine metabolomics approach, we 

identified a set of endogenous metabolites as potential biomarkers for the differentiation of asthma 

and COPD. A subset of these potential biomarkers contains seven highly polar metabolites of 

diverse physicochemical properties. To the best of our knowledge, there is no liquid 

chromatography-tandem mass spectrometry (LC-MS/MS) method that evaluated more than two 

of the target metabolites in a single analytical run. The target metabolites belong to the families of 

monosaccharides, organic acids, amino acids, quaternary ammonium compounds and nucleic 

acids, rendering hydrophilic interaction liquid chromatography (HILIC) an ideal technology for 

their quantification. Since a clinical decision is to be made from patients’ data, a fully validated 

analytical method is needed for biomarker validation. Method validation for endogenous 

metabolites is a daunting task since current guidelines were designed for exogenous compounds. 

As such, innovative approaches were adopted to meet the validation requirements. Herein, we 
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describe a sensitive HILIC-MS/MS method for the quantification of the seven endogenous urinary 

metabolites. Detection was achieved in the multiple reaction monitoring (MRM) mode with 

polarity switching, using quadrupole-linear ion trap instrument (QTRAP 6500) as well as single 

ion monitoring in the negative-ion mode. The method was fully validated according to the 

regulatory guidelines. Linearity was established between 6 to 21000 ng/mL and quality control 

samples demonstrated acceptable intra- and inter-day accuracy (85.7%-112%), intra- and inter-

day precision (CV% <11.5%) as well as stability under various storage and sample processing 

conditions. To illustrate the method’s applicability, the validated method was applied to the 

analysis of a small set of urine samples collected from asthma and COPD patients. Preliminary 

modelling of separation was generated using partial least square discriminant analysis (R2 0.752 

and Q2 0.57).  The adequate separation between patient samples confirms the diagnostic potential 

of these target metabolites as a proof-of-concept for the differentiation between asthma and COPD. 

However, more patient urine samples are needed in order to increase the statistical power of the 

analytical model.  

Key words: 

Targeted metabolomics; Asthma; COPD; HILIC-MS/MS; Validation; Urine 

3.2. Introduction  

Asthma and chronic obstructive pulmonary disease (COPD) are chronic inflammatory 

conditions of the respiratory airways with similar symptoms. Each disease can be differentiated 

based on its pathologic inflammation profile and airway function tests [1]. However, for the typical 

doctor’s office, accurate diagnostic tests are not readily available [1-3]. Moreover, the misuse and 

underuse of spirometry at the primary and secondary levels of care have been shown [2-4]. 

Diagnosis becomes more challenging with the increased prevalence of asthmatic smokers [5], non-



 

157 
 

smoking COPD patients [6], patients with late-onset asthma [2, 7] and patients with asthma-COPD 

overlap syndrome [5]. The insufficient sensitivity of the currently available clinical tests and 

reliance on therapy trials have drained health resources with a negative impact on the overall 

quality of life of patients [2, 3, 8-10]. 

In search for better diagnostic tests, recent investigations have focused on the impact of 

asthma and COPD on the human metabolome [11]. Metabolomics has demonstrated potentials in 

linking altered biochemical pathways to therapeutic interventions through biomarkers discovery 

experiments [12, 13]. Urine exhibits several advantages over other bodily matrices. It is non-

invasively collected and is rich in metabolites while low in cell and protein contents in comparison 

to plasma [14-16].   

Urine metabolomics has been reported to differentiate stable and unstable asthmatic 

patients, to determine the severity stage of COPD or to compare either asthma or COPD to healthy 

participants [17-22]. Limited research, however, has been directed towards the differential 

diagnosis of other conditions that can mimic asthma [23] or COPD [24]. To the best of our 

knowledge, only our previous paper has reported potential biomarker metabolites in urine for 

asthma and COPD [25]. Using proton-nuclear magnetic resonance  (1H-NMR), 50 metabolites 

were suggested [25]. 

Clinical validation of  potential biomarkers requires robust quantitative analytical 

platforms [26, 27], and we have been developing high-performance liquid chromatography-

tandem mass spectrometric (HPLC-MS/MS) methods to meet this purpose. The metabolites were 

divided into four subgroups, based on chemical nature or concentration. Groups 1 and 2 were 

quantified using differential isotope labeling strategies [28, 29]. Group 3 is the focus of the current 
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study and it contains 1-methylnicotinamide (1MN), choline (COL), creatine (CRE), D-glucose 

(GLC), guanidine acetic acid (GAA), pyruvic acid (PYA) and uracil (URC). The use of differential 

isotope labeling methods [28] was not possible for these metabolites, as they lacked a common 

functional group. In addition, the higher polarity of the metabolites rendered the use of C18 column 

inappropriate. For this reason, we investigated the development and validation of a hydrophilic 

interaction liquid chromatography (HILIC)-MS/MS method for their quantification in urine.    

HILIC has several advantages over conventional normal- and reversed- stationary phases 

rendering it ideally suited for polar metabolites [30]. To the best of our knowledge, a validated 

HILIC-MS/MS method that combines more than two of our metabolites of interest does not exist. 

The novelty of the work described herein lies in the combination of HILIC-MS/MS method 

development and validation for that specific set of seven endogenous metabolites that had been 

previously shown to demonstrate a biomarker importance for asthma and COPD diagnosis. The 

method was validated according to the guidelines issued by the Food and Drug Administration 

(FDA) and European Medicines Agency (EMA) [31, 32]. Patient urine samples were analyzed for 

potential diagnostic accuracy by the validated methodology. 

3.3. Experimental  

3.3.1. Reagents and Reference Standards 

1-Methylnicotinamide chloride, choline chloride, GLC, GAA, PYA and URC were 

purchased from Sigma Aldrich (ON, CA). CRE was purchased from Spectrum Laboratories Inc. 

(CA, USA). 1-methylnicotinamide-d3 chloride, choline-d9 chloride, creatine-d3 monohydrate, 

glucose-d2 (GLC-IS), guanidine acetic acid-d2 (GAA-IS) and uracil-d2 (URC-IS) were purchased 

from C/D/N Isotope Inc. (QC, CA). Pyruvic acid-13C3 sodium salt was obtained from Omicron 
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Biochemical Inc. (IN, USA). Optima® LC-MS grade acetonitrile (ACN), and water as well as 

formic acid (FA) and ammonium formate (NH4FA) were purchased from Fischer Scientific (ON, 

CA). Figure 3.1 displays the structures of the selected internal standards (ISs). Creatinine 

measurement was achieved using QuantichromTM Creatinine Assay Kit (QC, CA) [33].  

 

Figure 3.1. Chemical structures of the selected internal standards (ISs) 

 

3.3.2. Standards and ISs Preparation 

All preparations were conducted in water. 1MN, 1-methylnicotinamide-d3 (1MN-IS), 

COL, choline-d9 (COL-IS), CRE, Creatine-d3 (CRE-IS), GLC, GLC-IS, PYA and pyruvic acid-

13C3 (PYA-IS) were prepared at 3 mg/mL. GAA, GAA-IS, URC and URC-IS were prepared at 1 

mg/mL due to their lower solubility in water. The metabolites working stock solution contained 

24, 8, 80, 280, 100, 60 and 68 µg/mL of 1MN, COL, CRE, GLC, GAA, PYA and URC, 

respectively. The ISs working stock solution, prepared from individual ISs stocks, contained 1MN-

IS, COL-IS, CRE-IS, GLC-IS, GAA-IS, PYA-IS and URC-IS at 15, 5, 30, 600, 120, 60 and 80 

µg/mL, respectively. 
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3.3.3. Calibration Standards and Quality Control (QC) Samples Preparation  

A set of eight calibration standards covering a linearity range extending over two orders of 

magnitude was prepared. Aliquots from the metabolites working stock solution were serially 

diluted with water and for each calibration standard, 15 µL from the appropriate diluted solution 

were mixed with 80:5 µL of ACN: ISs working solution. The final mixtures were vortexed and 

transferred into HPLC vials equipped with 100 µL inserts for analysis. 

Quality control (QC) samples, used in validation experiments, were prepared at four 

concentration levels. For the preparation high (HQC), medium (MQC) and low-quality control 

(LQC) samples, the endogenous levels of the investigated metabolites were measured in pooled 

urine from seven healthy participants. A volume of 20 µL from this standardized pooled urine was 

fortified with 20 µL or 10 µL of the metabolites working stock solution for the preparation of HQC 

or MQC, respectively. The volume in each QC solution was then completed to 60 µL with water. 

The LQC sample was prepared via the 50-fold dilution of HQC with water. For the three levels of 

QC samples, an aliquot of 15 µL from the appropriate concentration was mixed with 80:5 µL of 

ACN: ISs working solution. The mixtures were centrifuged at 14000 rpm for 10 min for protein 

precipitation. The supernatant was transferred into HPLC vials equipped with 100 µL inserts for 

analysis. The lowest calibration standard, i.e., lower limit of quantification (LLOQ), also served 

as the fourth level of QC samples as per the regulatory guidelines [31, 32].  

3.3.4. Urine Sample Preparation 

Following collection, urine specimen cups (Starplex Scientific Inc., ON, CA) were 

promptly placed in -80 ºC freezer. Samples were subjected to one freeze-thaw cycle for aliquots 

preparation. At the time of analysis, sample aliquots were thawed to room temperature, diluted 3-

fold with water and 15 µL from the appropriate diluted solution were mixed with 80:5 ACN: ISs 
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working solution. The mixtures were centrifuged at 14000 rpm for 10 min for protein precipitation. 

The supernatant was transferred into HPLC vials equipped with 100 µL inserts for analysis. 

3.3.5. Patient Characteristics 

Urine samples were obtained from participants who gave informed consent, as approved 

by the Human Ethics Board of the University of Saskatchewan BIO#13-89. Urine was analyzed in 

subjects with asthma (n=8; 63% female; mean age 57±8.7 years; BMI 29.3±4.0) and COPD (n=8; 

75% female; mean age 60.5±7.1; BMI 24.1±9.2). Our previous study had demonstrated the 

insignificant influence of diet and time of collection on the variation of the investigated metabolites 

between patient groups [25], accordingly, random urine samples with no dietary restrictions were 

collected. Control urine samples were collected as random mid-stream urine from seven healthy 

participants (25-40 years of age) currently not taking any medications. 

3.3.6. Instrumentation  

Chromatographic and MS parameters are compiled in Section A, Appendix 3.1  

3.3.7. Method Validation 

In general, the validation of the developed method was conducted according to the 

guidelines issued by the FDA and the EMA [31, 32]. Due to the endogenous nature of these 

metabolites, slight modifications in the methodology of these guidelines or their acceptance criteria 

were expected to accommodate unanticipated challenges. Nonetheless, the validation results of the 

developed method were not compromised (discussed below). 
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A. Selectivity 

Due to the endogenous nature of the investigated metabolites, the assessment of method 

selectivity as described by the FDA and the EMA guidelines was not feasible [31, 32]. 

Alternatively, a double blank solution (80% ACN, six replicates) was injected and the interference 

observed at the metabolites channel at their expected retention times was compared to the mean 

absolute peak area of the LLOQ. The method was deemed selective if the observed interference is 

less than 20% of the LLOQ [31]. 

The assessment of method selectivity for the ISs was conducted as described by the FDA 

and EMA guidelines [31, 32]. Briefly, six urine samples from six different participants (3 asthma 

and 3 COPD) were processed as previously described with the replacement of the ISs working 

stock solution with water. The interference observed at the ISs channel at their expected retention 

times was compared to the mean absolute peak area of the LLOQ. The method was deemed 

selective if the observed interference is less than 5% of the LLOQ [31].  

The presence of isotopic impurities in the ISs can compromise method selectivity. 

Accordingly, the isotopic purity of the ISs was assessed by injecting five blank solutions 

containing only ISs in 80% ACN. The interference observed at the metabolites channel was 

measured and compared to the mean absolute peak area of the LLOQ. An interference less than 

20% of the LLOQ was acceptable [28, 31, 34]. 

Finally, since GAA, GLC and URC differ from their corresponding ISs by 2 mass unit 

difference; the second natural 13C isotopic peak of these metabolites is expected to interfere at the 

ISs channel. In order to investigate this effect, the upper limit of quantification (ULOQ) was 

prepared in five replicates without the inclusion of the ISs. The interference observed at the ISs 
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channel was measured and the isotopic contribution was compared to the mean areas of the ISs 

peaks measured in blank solutions [28, 34]. 

B. Matrix Effects 

The matrix effects were evaluated according to the EMA guidelines [31], since detailed 

methodology for matrix effects assessment is lacking in the FDA guidelines [32]. Six random 

patient urine samples were spiked with aliquots of the metabolites working stock solution 

equivalent to 2×LLOQ and 66.67% of ULOQ to produce low and high concentrated samples, 

respectively. The samples were processed as previously described in 3.3.4. The absolute peak areas 

were corrected for endogenous metabolites levels through subtraction and then compared to 

analogues low and high concentrated samples prepared similarly in a neat solvent (80% ACN). 

For each metabolite and its IS in each urine matrix, the matrix factor (MF) was calculated 

according to Equation 3.1. The IS-normalized MF was calculated according to Equation 3.2 and 

the coefficient of variation values (CV%) were generated. According to the EMA, the CV% of the 

IS-normalized MF should not be greater than 15% [31]. 

Equation 3.1. Matrix factor (MF)= B/A  

Equation 3.2. IS-normalized MF= MF metabolite/MF IS 

, where B is the corrected absolute peak area of the metabolite in the urine matrix and A is the 

absolute peak area of the metabolite in the neat solvent (80% ACN). 
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C. Carry-Over Effects 

Carry-over effects were investigated according to the EMA guidelines [31], in which blank 

samples were injected after the ULOQ, HQC and high concentrated patient urine samples. The 

responses in the metabolites’ channels were compared to the LLOQ. Carry-over effects can be 

deemed insignificant if they are less than 20% of the LLOQ [31].  

D. Linearity 

The 1/x weighed least square regression equation for each metabolite was generated using 

the (metabolite/IS) peak area ratios vs. the corresponding concentrations of a set of 8-point 

calibration standards. For accepting a calibration curve, the back-calculated concentration of the 

calibration standards must fall within 15% of their respective nominal concentration with the 

exception of the LLOQ, in which 20% difference is acceptable. At least 75% (six out of eight) of 

the calibration points must fulfil this criterion [31, 32, 35].  

E. Accuracy and Precision 

The intra- and inter-day accuracy and precision were assessed on three non-consecutive 

days using four levels of QC samples. According to the FDA and EMA guidelines [31, 32], the 

LQC should be within 3- times the LLOQ, the MQC should be around 50% of the calibration range 

and the HQC should be at least 75% of the ULOQ. As such, the preparation of the QC samples 

was optimized such that the LQC was, at most, 1.7- times the LLOQ and the MQC was at 51% 

±9.4 of the calibration range. Due to the varying levels of metabolites in the pooled urine from 

seven healthy participants, the HQC was marginally below 75% of the ULOQ for URC and PYA, 

i.e., 71.1% and 73.8%, respectively. Increasing the concentration of these metabolites would 

ultimately result in higher LLOQ, which was not preferred due to the low concentration of URC 
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and PYA in patient samples. In order to accept the accuracy from a single run, the mean calculated 

concentration should be within 15% of the nominal values of each QC level (excluding the LLOQ), 

whereas a CV% of less than 15% is adequate to achieve the required precision of each QC level 

(excluding the LLOQ) [31, 32]. A 20% acceptance value was adopted with the LLOQ for 

evaluating accuracy and precision [31, 32]. 

F. Extraction Recovery  

Urine sample preparation includes protein precipitation with ACN/centrifugation for 10 

min at 14,000 rpm. To evaluate the extraction efficiency, the amount of metabolites recovered 

after protein precipitation was compared between pre-spiked and post-spiked urine samples. A 

pre-spiked sample was prepared so that urine was spiked with metabolites standard solution and 

then extracted, whereas a post-spiked sample referred to a urine sample that was first extracted and 

then spiked with metabolites working stock solution. For the preparation of pre-spiked samples, a 

pooled urine sample was 3-fold diluted with three concentration levels of the metabolites working 

stock standards; low, medium and high; equivalent to final concentrations of 2.6-, 26- and 66.67- 

times the LLOQ. A 15 µL aliquot from each pre-spiked urine sample was extracted with 85 µL 

ACN containing 5 µL of ISs working stock solution. After centrifugation, the supernatant was 

transferred into HPLC vials equipped with 100 µL inserts for analysis and the metabolites peak 

areas were calculated.  

An equivalent set of post-spiked urine samples was prepared by the proper dilution of 

pooled urine aliquots with water and extraction with ISs-containing ACN. Aliquots from the 

extracted urine were spiked with proper volumes of the metabolites working stock solution 

equivalent to final concentrations of 2.6-, 26- and 66.67- times the LLOQ. Post-spiked samples 
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were transferred into HPLC vials equipped with 100 µL inserts for analysis and the metabolites 

peak areas were calculated. Volumes used in post-spiked samples preparation were adjusted to 

accommodate the change in sample preparation methodology. However, the consistency of ISs, 

ACN and endogenous metabolites contents across all samples was maintained. The consistency of 

spiked metabolites concentration across each comparative pair of samples (pre/post spiked) was 

also kept constant. Extraction recovery was evaluated by comparing the absolute peak area of the 

metabolites post-spiked to that of the pre-spiked, after correcting for the endogenous level of 

metabolites through subtraction in both samples.  

G. Dilution Integrity 

For the evaluation of dilution integrity, 50 µL of pooled urine were mixed with 100 µL of 

the metabolites working stock solution. The mixture was then 10-, 20-, 100-fold diluted with water, 

in five replicates, and 15 µL from each diluted mixture were processed as described under section 

3.3.4. Dilution integrity were accepted if the accuracy and precision were meeting the criteria set 

by the EMA, i.e., within ±15% [31].  

H. Stability 

Stability was assessed at conditions that are encountered during sample preparation and 

analysis as well as at different storage conditions using HQC and LQC samples and freshly 

prepared calibration curves [31, 32]. Five sets of QC samples (HQC, LQC; n=5 at each level) were 

prepared as described in section 3.3.4 and subjected to one of the following conditions: (A) room 

temperature for 4 hrs (benchtop stability), (B) 4 ºC for 36 hrs (autosampler stability), (C) after 1 

month of storage at -80 ºC (short-term stability), (D) after 3 month of storage at -80 ºC (long-term 

stability), and (E) after 3 freeze-thaw cycles. For the last stability study, QC samples were frozen 
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at -80 ºC for at least 24 hrs then thawed at room temperature and were refrozen to -80 ºC for at 

least 12 hrs before the next freeze-thaw cycle [31, 32]. For the evaluation of metabolite working 

stock solution stability, a 3-month stock was used for the preparation of two calibration standards, 

4×LLOQ and 50% of ULOQ which were then analyzed against calibration curves, prepared from 

fresh stock solutions. Since the stability of the stock is the main purpose of this experiment, pooled 

urine was not spiked in this specific set of validation samples. Samples were deemed stable if they 

were within ±15% of their respective nominal concentration [31]. 

3.3.8.  Analysis of Patient Urine Samples 

Patients’ data was acquired following method validation. Urine samples were included in 

an analytical batch along with double blank, blank, calibration set (eight standards) and three levels 

of QC samples (LQC, MQC and HQC) that were prepared in duplicates and injected at intervals 

based on the total number of samples. The acceptance criteria for the calibration curve and QC 

samples as described in sections 3.3.7.D and 3.3.7.E were adopted [31, 32]. Moreover, in order to 

accept the analytical run, at least 67% of the QC samples and at least 50% of their replicates should 

be within ±15% of the nominal concentration [31, 32].  

To account for differences in hydration, values of each metabolite were referenced to the 

participant’s creatinine level. The data was log-transformed and then exported to SIMCA® 

software (SIMCA-P 11, Umetrics, Sweden) for partial least square discriminant analysis (PLS-

DA). Metabolites consistently differing between patient groups were used for the creation of the 

statistical model and they are displayed by the software as a coefficient of variation (CoV) plot 

and a variables of importance plot (VIP). GraphPad Prism software (version 6, CA, USA) was 

used for prediction score plot generation. 
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3.4. Results and Discussion  

3.4.1. Method Development 

HILIC column combines the advantages of reversed and normal phase chromatography 

[30]. While using water containing organic mobile phases, it allows the separation of polar and 

ionic metabolites that are typically non-retainable on reversed phase columns [30]. In addition, it 

solves the challenge of limited solubility in the organic phases typically employed while using 

normal phase chromatography [30]. ZIC-HILIC bears a zwitterion stationary phase with a terminal 

negatively charged sulfonic acid group thus allowing hydrophilic and ionic interaction with the 

selected metabolites [30].  

A. Optimization of the Matrix 

According to the FDA and the EMA, it is recommended to validate the analytical method 

in the biological matrix of the samples [31, 32]. An exception is given to matrices of limited 

availability, such as cerebral spinal fluids, which can be replaced by suitable artificial alternatives 

[31, 32, 36]. Another exception is when the analytes are endogenous in nature and an analyte-free 

biological matrix cannot be prepared.  In this case, alternative matrices such as buffers may be 

used [32]. 

In our method, considerable endogenous levels of the investigated metabolites are present 

in urine, regardless of the pathological condition of the participant. Accordingly, the method was 

initially developed in artificial urine, prepared from major reported human urine components 

(Table I, Appendix 3.2) [37, 38]. However, three main concerns rendered such matrix unsuitable. 

First, during selectivity assessment, an unacceptable interference was observed in CRE and PYA 

MRM channels (184% and 120% of the LLOQ, respectively). This interference was due to 
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impurities within the reagents used during artificial urine preparation and can be theoretically 

addressed by increasing the LLOQ for these metabolites. However, unlike CRE, PYA was 

endogenously present at relatively low concentrations and a quantification method of high 

sensitivity was needed.  

The second concern was the inability of artificial urine to simulate the composition of 

human urine, especially during GLC and PYA determination. As shown in Figure 3.2, the 

concentration of GLC is lower than its closely eluting isomers. Accordingly, the validation of 

accuracy and precision of GLC in urine was crucial to exclude any potential interference from 

other naturally existing hexoses. Such validation experiments would not be reflective of patient 

urine samples if the matrix used for calibration and QC samples is artificial urine. As for PYA, the 

chromatogram baseline in the proximity of PYA in urine was relatively higher than in artificial 

urine. The influence of the elevated baseline on accuracy, precision and LLOQ of PYA 

determination in urine needs to be carefully assessed. As for the final concern, it was observed that 

all signals of ISs (except PYA-IS) were suppressed only in human urine, reaching up to 60.1% 

±3.6 ion suppression in URC-IS, for example. Therefore, it was evident that the preparation of 

calibration and QC samples in artificial urine would not allow for obtaining valid results from 

patient samples. 

As such, we investigated the use of diluted pooled human urine as an alternative approach. 

Figure 3.3 is a double blank prepared in 1000-fold diluted pooled urine. It still contains significant 

interference that reaches up to 136% of the LLOQ in URC, rendering urine dilution unsuitable. A 

final option was the use of the standard addition method [39], however, this technique required the 

preparation of a calibration set for every sample being analyzed, which would be inapplicable 

when high throughput is expected [39, 40]. 



 

170 
 

 

 

Figure 3.2. Extracted ion chromatogram (XIC) of GLC and PYA in artificial and human urine in 

negative ionization. Closely eluting hexoses were observed during the quantification of GLC in 

urine, however, that was not reflected in the artificial urine. Similarly, elevated baseline levels in 

PYA quantification was only observed during urine analysis. 
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Figure 3.3. Extracted ion chromatogram (XIC) of the investigated metabolites in a double blank 

prepared in 1000-fold diluted pooled urine. The presence of significant endogenous levels of the 

metabolites rendered the 1000-fold diluted urine an unsuitable matrix for method development. 

Positive ionization is employed for all metabolites except for PYA and GLC. 

 

Based on the above findings, the calibration standards were prepared in 80% ACN. The 

QC samples (HQC, MQC and LQC) were prepared by spiking known concentrations of the 

working stock solution into pooled urine that was pre-quantified (standardized) against the 

calibration curves. As such, the HQC and the MQC contained the same urine content as patient 

samples (i.e., 20-fold diluted urine). The LQC was prepared by employing 50-fold dilution of the 

HQC in water, and due to the endogenous metabolites levels, the preparation of LLOQ in 80% 

ACN was inevitable.  
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B. Optimization of Sample Preparation  

Due to the significantly higher concentrations of GLC and CRE in human urine, relative to 

other metabolites, an initial 3-fold dilution step with water was needed. Protein precipitation was 

achieved through 6.6-fold dilution with ACN spiked with ISs. We were interested in investigating 

the effect of filtration on method’s sensitivity. The extracts of six urine samples were filtered using 

0.2 µm PVDF 13 mm syringe filter (GE Healthcare Life Sciences, NJ, USA). No change in the 

peak area ratios following filtration was observed and consequently, higher sensitivity was not 

obtained. Moreover, there was a significant loss of URC and PYA following filtration as 

determined by paired student t-test (t valus: 2.78 and 2.81 for URC and PYA, respectively), and 

accordingly, filtration was avoided (Figure I, Section B, Appendix 3.1).   

C. Optimization of the Chromatographic Separation 

Initial experiments conducted using different ratios of a binary isocratic mobile phase of 

NH4FA (10-50 mM) and ACN achieved limited success in the separation of the investigated 

metabolites in the standard mixture and in urine. Consequently, gradient systems were explored 

while applying different column temperatures. The elution of GLC as a split peak as well as the 

use of single ion monitoring for PYA required vigilant optimization for their separation from 

closely eluting isomers (Figure 3.2). Ten mM NH4FA was less optimal than higher strengths 

(concentrations ≥20 mM) for 1MN/COL and CRE/GAA separation. However, it imposed the least 

ion suppression effects on URC and was consequently employed as mobile phase A. Overall, peak 

shape was improved through the addition of 0.1% FA and 5% 10 mM NH4FA in ACN (mobile 

phase B), with metabolites separation in 6.5 min (Figure 3.4).  
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Figure 3.4. Extracted ion chromatogram (XIC) of the seven investigated metabolites in standard 

mixture (top) and in patient urine sample (bottom) using the validated HILIC-MS/MS method. 

Positive ionization is employed for all metabolites except for GLC and PYA where negative 

ionization was employed.
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The optimized chromatographic conditions also resulted in the separation of the α- and β- 

anomers of GLC which both were used for quantification (Figure 3.4). Interestingly, Fu et al. [41]. 

reported that GLC can elute as single or split peak depending on the column being used. In our 

work, increasing the ionic strength of the mobile phase (≥50 mM NH4FA) resulted in the co-elution 

of both anomers as a single peak, however, this cannot be used as it resulted in significant 

suppression of URC. Finally, a time of 3 min was adequate to equilibrate the column prior to the 

following injection. 

D. Optimization of Mass Spectrometric Conditions 

The MS/MS fragmentation pattern of the investigated metabolites was generated and 

rationalized (Schemes 1-7, Appendix 3.1). Table 3.1 summarizes the MRM transitions used for 

quantification (quantifier ion) and confirmation of metabolites identity (qualifier ion).  

The MS/MS of PYA did not result in the formation of product ions with adequate 

abundance to be used for quantification (Scheme 7, Appendix 3.2). Consequently, its 

quantification was obtained in the single ion monitoring mode at m/z 87, while employing a CE of 

-10 V (instrument default minimum CE setting) (Table 3.1). Other studies have reported its 

quantification using MRM transitions of m/z 175→87 [42] and m/z 87→43 [43], which were not 

generated in high intensities in our work. Such difference can be attributed to the significantly 

higher LLOQ in the aforementioned studies [42, 43].  

Due to the intrinsically lower specificity of the single ion monitoring mode in comparison 

to MRM mode, an additional experiment was conducted during PYA quantification to ensure the 

absence of interferences at unit resolution. The ratios of the qualifier (m/z 87→43)-to-quantifier 

(m/z 87→87) ions of PYA were calculated in patient samples and compared to that of the 
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calibration standards [44-46]. Specificity in patient urine samples was demonstrated with ratios 

within ± 20% of that of the calibration standards. 

GLC predominantly formed a stable formic acid adduct ion (Figure IIA, Section C, 

Appendix 3.1) [47] (Table 3.1), whereas other reported adducts, such as [M+Na]+ [48, 49] were 

not formed. Interestingly, the MRM transition of m/z 225→179 was at least 15- times of higher 

intensity than other MRM ion transitions detected at the optimized MS/MS conditions (Figure IID, 

Section C, Appendix 3.1). A similar fragmentation behaviour was observed with GLC-IS, and 

consequently, an MRM transition of m/z 227→181 was initially selected for it. However, when 

GLC-IS was spiked in urine, it was masked by a significant interference detected at the same MRM 

channel (Figure IIB, Section C, Appendix 3.1). For this reason, a transition of m/z 227→121 was 

employed (Section C, Appendix 3.1). However, due to its intrinsically lower intensity, GLC-IS 

had to be spiked at a concentration above the ULOQ of GLC (Table 3.1), which is against the 

conventional use of ISs usually spiked at concentrations within the linearity range of their analytes 

[34].   

Since the chromatographic peak of GLC closely eluted with other hexoses in urine and it 

was split due to anomer separation, the ratios of the qualifier-to-quantifier ions of GLC were 

calculated in patient samples and calibration standards and compared [44-46]. All ratios in patient 

urine samples were within ±20% of those of calibration standards, thus excluding the possibility 

of interference in chromatographic peaks of GLC.   
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Table 3.1. MRM parameters of the investigated metabolites and their respective internal standards.  

 

*positive or negative, **values in parenthesis represent CE of the qualifier product ion

Metabolite Ionization 

mode* 

Precursor 

ion (Da) 

Product 

quantifier  

ion  (Da) 

Product  

qualifier  

ion  (Da) 

Collision 

energy 

(CE)** 

Dwell 

time 

Fragmentation pathway 

1MN Pos 137.07 94.07 78.03 15(20) 22 

 

1MN-IS  140.09 97.08  15 22 

COL Pos 104.11 60.08 45.03 12(15) 22 

 

COL-IS 

 

 

 

 113.16 69.14  12 22 

CRE Pos 132.08 90.05 44.05 27(18) 22 

 

CRE-IS 

 

 

 

 

 135.10 93.07  27 22 

GAA Pos 118.06 101.03 72.06 14(14) 22 

 

GAA-IS 

 

 

 

 120.07 103.04  22 22 

GLC Neg 225.06 179.06 119.03 -11(-11) 22 

 

GLC-IS  227.07 121.05  -11 22 

PYA Neg 87.01 87.01 43.02 -10(-10) 150 

 

PYA-IS 

 

 

 

 

 90.01 90.01  -10 100 

URC Pos 113.03 96.00 70.03 22 (22) 100 

 

URC-IS 

 

 

 

 

 115.05 98.00  22 100 
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3.4.2. Method validation 

A. Selectivity 

Table 3.2 demonstrates the acceptable selectivity of the method for the investigated 

metabolites in 80% ACN as per the regulatory requirements [31], in which the interferences 

observed at the metabolites channels were lower than 20% of the LLOQ, with a maximum value 

observed for URC (10.2% ±2.68 of the LLOQ).  

The analysis of ISs-free urine revealed interferences in the ISs channel less than 1.6% ±2.5 

of the LLOQ, indicating acceptable selectivity as defined by the EMA [31] for all metabolites 

except for PYA-IS (Table 3.2). PYA-IS experienced unacceptable interference in urine 

(19.40%±5.57 of the LLOQ) (Table 3.2), which was persistent even with the use of six other 

different sources of urine. PYA-IS was detected at m/z 90.01 in the single ion monitoring mode, 

rather than the MRM mode. With the absence of selective product ion of PYA-IS and the use of 

unit resolution MS, there are higher possibilities of interference from the urine matrix. Therefore, 

we opted to increase the concentration of the spiked PYA-IS (3000 ng/mL) to the extent where the 

contribution of this interference was below 0.6%. As for the isotopic purity of the IS, all ISs were 

sufficiently isotopically pure, in which a maximum interference of 6.25% of the LLOQ from PYA 

impurity in PYA-IS was observed (Table 3.2).  

Finally, the isotopic contribution from the 2nd natural isotopic peak of GAA, GLC and URC 

on their analogues ISs was monitored due to the presence of only 2-mass unit difference in each 

analyte/IS pair. This contribution becomes more profound towards the upper end of the calibration 

curve leading to a false increase in the peak area of the ISs and a false negative estimation of the 

analyte concentration [34, 50]. We addressed a similar challenge in our recent work [28] in which 
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the concentration of the IS was increased so that the effect of the isotopic contribution from its 

corresponding metabolite became negligible [28, 34]. Since the maximum contribution is expected 

to arise from the ULOQ, five replicates of the ULOQ (without ISs) were injected and the 

interference observed at the ISs channel of GAA, GLC and URC was measured. The interference 

was then compared to the areas of the optimized concentrations of the ISs prepared in blank 

solutions. The isotopic contribution from the ULOQ of GAA, GLC and URC minimally impacted 

their corresponding ISs, in which a maximum contribution of 0.9% was observed from the 2nd 

natural isotopic peak of GLC (Table 3.2).  

B. Matrix Effects 

Except for PYA, all metabolites and their ISs suffered from varying levels of ion 

suppression (Table 3.3). Ion suppression is mostly attributed to the competition and interference 

from co-eluting moieties for charge during ionization [51]. However, ion suppression was also 

observed for the quaternary ammonium compounds, COL and 1MN which contain a permeant 

charge. This observation can indicate that non-volatile urine components might be affecting the 

efficiency of droplet formation and evaporation as well [52]. The only ion enhancement effect was 

observed for PYA with a matrix factor of 2.54 (Table 3.3). Despite ion suppression/enhancement 

effects, the use of isotopically labeled ISs provided the best correction of matrix effects. As can be 

seen in Table 3.3, the IS-normalized MF values for all metabolites were close to unity (0.91-1.05), 

indicating the ability of the ISs to account for other interferences from the urine matrix. In addition, 

the CV% values of the IS-normalized MF for all metabolites were less than 12.5%, thus meeting 

the specifications set by the EMA (Table 3.3) [31].
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Table 3.2. Selectivity assessment of the developed HILC-MS/MS method for the quantification of seven endogenous metabolites in 

urine. 

* Standard deviation 

 

Metabolite Mean % response 

in double blank at 

metabolite 

channel ±SD*                 

n=6 

Mean % response in 

urine at internal 

standard channel ±SD*                

n=6 

Mean % response in blank 

at metabolite channel ±SD*        

(isotopic purity of internal 

standard) n=5 

Mean % isotopic contribution 

from upper limit of 

quantification on internal 

standard channel ±SD*        

n=5 

1MN 0.2±0.1 0.6±0.4 0.3±0.2 0.1±0.0 

COL 3.8±1.1 0.3±0.2 1.4±0.9 0.0±0.0 

CRE 0.5±0.3 1.6±2.4 4.8±8.4 0.2±0.0 

GLC 0.7±0.1 0.6±0.6 0.7±0.3 0.9±0.0 

GAA 1.9±1.2 3.7±0.9 3.6±1.7 0.7±0.0 

PYA 7.5±6.4 19.4±5.6 6.3±3.2 0.1±0.0 

URC 10.2±2.7 0.9±0.6 5.5±2.7 0.8±0.1 

1
7
9
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Table 3.3. Evaluation of the matrix and carry-over effects in the HILIC-MS/MS method for the quantification of seven endogenous 

metabolites in urine 

 

 

 

 

 

 

 

 

 

 

 

 

* Standard deviation 

 ** calculated from blanks injects after ULOQ, HQC and patient urine samples  

Metabolite 
MF±SD* 

(n=12) 

MF(IS)±SD* 

(n=12) 

IS normalized 

MF±CV% 

(n=12) 

Carry-over effects** 

(Blank peak area/LLOQ 

peak area ×100)±SD*, n=6 

1MN 0.59±0.2 0.66±0.2 0.91±12.1 0.4±0.2 

COL 0.68±0.2 0.71±0.2 0.96±7.2 3.5±1.7 

CRE 0.82±0.2 0.79±0.2 1.03±10.4 0.3±0.1 

GAA 0.87±0.2 0.83±0.1 1.05±9.7 13.3±1.7 

GLC 0.55±0.1 0.57±0.1 0.97±7.0 5.5±3.1 

PYA 2.54±0.7 2.61±0.7 0.97±6.2 6.8±3.3 

URC 0.64±0.1 0.64±0.1 1.00±4.7 3.4±1.8 

1
8
0
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C. Carry-Over Effects 

In order to avoid cross-contamination between samples, a needle-washing step with 80% 

ACN was employed between injections. In addition, blank samples were injected after the ULOQ 

and the HQC samples as well as after every three patient samples. No specific recommendations 

are compiled within the FDA guidelines [32] for evaluating carry-over effect, accordingly, the 

EMA guidelines [31] were followed. Table 3.3 demonstrates the negligible carry-over effects 

observed during the analysis of a batch of patient urine samples.  

D. Lower Limit of Quantification and Linearity 

The LLOQ was determined so that a minimum signal-to-noise ratio of 5:1 was obtained 

[31, 32]. Achieving the lowest possible limit of quantification was specifically crucial for URC 

and PYA, due to their low levels within patients’ urine samples. In addition, for each metabolite, 

the linear range was optimized based on its average endogenous levels observed during 

preliminary urine sample analysis. The linear ranges, therefore, varied vastly among the 

investigated metabolites (Table 3.4). Following sample analysis, the generated 1/x weighed least 

square regression equations met the specifications set by the FDA and the EMA guidelines [31, 

32], in which at least six points out of eight (including ULOQ and LLOQ) are within 15% of their 

nominal values (20% in LLOQ). Table 3.4 summarizes the statistical parameters of linearity that 

can be deemed adequate from the close-to-unity correlation coefficients (r>0.998).
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Table 3.4. Regression parameters for the developed HILIC-MS/MS method for the quantification of seven endogenous metabolites in 

urine  

 

 

 

 

 

 

 

 

 

 

 

 

  

Metabolite 

Linear range 

(ng/mL) 

 

Slope 

 

 

Intercept 

Coefficient of 

determination 

(R2) 

Concentration 

of IS 

(ng/mL) 

1MN 18-1800 5.12E-03 -1.16E-04 0.9999 750 

COL 6-600 5.92E-03 4.55E-03 0.9998 250 

CRE 60-6000 5.80E-04 4.00E-03 0.9998 1500 

GAA 75-7500 5.74E-04 1.82E-02 0.9998 6000 

GLC 210-21000 4.71E-04 1.80E-02 0.9998 30000 

PYA 45-4500 2.43E-04 2.65E-03 0.9998 3000 

URC 51-5100 2.39E-04 1.69E-03 0.9995 4000 

1
8
2
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E. Accuracy and Precision 

The accuracy and precision of the developed method were assessed using four QC levels. 

A pooled urine sample in which endogenous metabolites levels were predetermined using the 

calibration curves, was spiked with low, medium and high concentrations of the working stock 

solution to generate LQC, MQC and HQC, respectively. Acceptable intra- and inter- day accuracy 

and precision were demonstrated for all metabolites at all levels according to the FDA and EMA 

guidelines [31, 32]. As can be seen in Table II, Appendix 3.2, recovery % values for intra-day 

accuracy were between 85.7% and 112%, whereas the CV% values were less than 10.5% for all 

metabolites at all levels. The inter-day recoveries were within 100 ±8% and the inter-day precision 

was with a CV% less than 11.5% (Table III, Appendix 3.2).  

F. Extraction Recovery 

Matuszewski et al. [53] described the extraction recovery as the ratio of the peak areas of 

the standards spiked before extraction in the matrix to the peak areas of the standards spiked after 

extraction. This definition, as such, is not applicable when the metabolites are endogenous in 

nature and a metabolite free matrix cannot be obtained. For this reason, a modified extraction 

recovery procedure was adopted, in which standards were spiked into pooled urine before and after 

extraction of endogenous metabolites using ACN spiked with ISs. Theoretically, the level of 

endogenous metabolites is not expected to change between pre-spiked and post-spiked pooled 

urine.  Accordingly, the peak areas of endogenous metabolites in pooled urine, prepared similarly 

without spiking, were subtracted from the pre-spiked and post-spiked samples prior to peak areas 

ratio generation.  
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The FDA [32] recommends the evaluation of extraction recovery at three concentration 

levels. It sets no criteria for the acceptable extent of recovery as long as the extraction process is 

consistent and precise. As shown in Table IV, Appendix 3.2, protein precipitation with ACN did 

not compromise the recovered concentration of the metabolites. The extraction recovery% ranged 

from 95.9% to 102.5% across low, medium and high levels. The extent of extraction was found 

consistent and precise across all levels with a CV% of less than 5% (Table IV, Appendix 3.2).   

G. Dilution Integrity 

The EMA recommends the use of blank matrix for the dilution of the matrix that had been 

spiked above the ULOQ with the analyte standards. However, it still accepts the use of other 

justifiable matrices for sample dilution [31]. Due to the absence of a metabolite-free matrix, we 

selected water for this task, since it is the solvent used for standards preparation and it matches the 

aqueous nature of the urine. The analysis of urine samples revealed that GLC and CRE can occur 

at concentrations above the ULOQ (15% of samples). COL was concentrated in 5% of the 

processed samples. Patient samples also revealed the occasional occurrence of GAA and 1MN 

outside their linear ranges. For this reason, dilution integrity was investigated over 10-, 20- and 

100- fold of dilution for all metabolites. As demonstrated in Table IV, Appendix 3.2, acceptable 

accuracy and precision were maintained across all dilutions, in which the accuracy ranged from 

90.3% to 103.5%, whereas the CV% values were lower than 8.4%. 
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H. Stability 

Conditions that are encountered during sample handling and storage were employed for 

stability assessment. An average of 1 hr is the time needed for the preparation of a set of 10 patient 

urine samples along with calibration standards and QC samples. Accordingly, benchtop stability 

was evaluated by storing LQC and HQC samples at room temperature for 4 hrs. Autosampler 

sample stability for 36 hrs at 4 ºC can also allow processing a large batch of patient urine samples 

in an analytical run overnight. Table V, Appendix 3.2, shows the stability results of the investigated 

metabolites under different conditions. Metabolites were found stable when kept for 4 hrs at room 

temperature, for 36 hrs at 4 ºC, for 1 and 3 months at -80 ºC or after 3 freeze-thaw cycles. As can 

be seen from Table V, Appendix 3.2, recovery % values were between 88% and 107% with a CV% 

values less than 11%. As for PYA, the HQC samples demonstrated a subtle unacceptable accuracy 

(>84%) for freeze-thaw stability and benchtop stability. However, such findings were not 

concerning since we have intentionally assessed the benchtop and freeze-thaw stability at levels 

higher than we would typically encounter during patient sample analysis.   

3.4.3. Analysis of Patient Samples  

To illustrate the usefulness of the method, a small cohort of patient samples was analyzed. 

Metabolite concentrations varied vastly among the processed patient urine samples. URC and CRE 

were below their LLOQ in two different patients. Four different samples required 100- fold 

dilution for the determination of CRE or GLC. After correction for dilution, data was log 

transformed and imported to SIMCA® software for PLS-DA. The constructed model 

demonstrated regression coefficient (R2) of 0.752 and predictive coefficient (Q2) of 0.57 with 

satisfactory separation between patient groups (Figure 3.5A). The VIP plot (Figure 3.5B) shows 

that URC, PYA and GAA were the most important metabolites in the model. Removing 
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metabolites of low significance can enhance the R2 and the Q2 of the model [54, 55]. However, 

since no clinical decision is to be drawn from the current study, we opted against the exclusion of 

any metabolites at this stage. In addition, the expected final diagnostic model will contain 

additional significant metabolites using additional methods in a large sample cohort [28]. This 

report shows proof-of-concept to the appropriateness of the validated HILIC-MS/MS method in 

quantifying the selected metabolites in patient samples. 

The altered levels of the investigated metabolites in response to either asthma [18, 56] or 

COPD [57, 58] have been previously reported in various biological fluids such as exhaled breath 

condensate (EBC) [57], serum [56, 58] and urine [18]. The investigated metabolites are involved 

in more than one biochemical process, thus complicating the characterization of the most 

significant underlying metabolomics pathways that contribute to their differential expression. For 

instance, COL, PYA, CRE and GAA are common intermediates in the pathway of glycine, serine 

and threonine metabolism, whereas  PYA, CRE and GAA are common intermediates in arginine 

and proline metabolism [59]. PYA is also involved in other biochemical pathways including the 

pantothenate and CoA biosynthesis pathway along with URC [59]. PYA shares the pentose 

phosphate pathway with GLC and the nicotinamide metabolism pathway with 1MN [59] that is 

known to exhibit anti-inflammatory properties through oxygen radicals scavenging [60].
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Figure 3.5. (A) PLS-DA prediction score for each subject, with error bars representing medians and interquartile ranges. (B) VIP 

ranking the metabolites according to their significance in the mode. 
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3.5. Conclusion  

A novel HILIC-MS/MS method was developed for the quantification of seven endogenous 

urinary metabolites. Due to the absence of metabolite free matrix, solvents were used for the 

preparation of calibration curves while quality control samples were prepared using pooled urine. 

The method was fully validated as per the FDA and EMA guidelines. The method was successfully 

applied for the quantification of the target metabolites in urine samples collected from asthma and 

COPD patients. A larger sample subset will be analyzed in the future, using the developed method 

along with other methods covering the remaining target metabolites.  

Acknowledgements and Funding 

Funding for the project is funded by AllerGen Inc and Saskatchewan Health Research 

Foundation. The QRTAP 6500® is purchased through Western Economic Diversification Canada 

grant.   

  



 

189 
 

3.6. References  

1. Barnes P. Similarities and differences in inflammatory mechanisms of asthma and COPD. 

Breathe. 2011;7:229-38. 

2. Tzortzaki EG, Proklou A, Siafakas NM. Asthma in the elderly: can we distinguish it from 

COPD? Journal of allergy. 2011;2011. 

3. Tinkelman DG, Price DB, Nordyke RJ, Halbert R. Misdiagnosis of COPD and asthma in 

primary care patients 40 years of age and over. Journal of Asthma. 2006;43:75-80. 

4. Roberts NJ, Smith SF, Partridge MR. Why is spirometry underused in the diagnosis of the 

breathless patient: a qualitative study. BMC pulmonary medicine. 2011;11:37. 

5. Gibson P, Simpson J. The overlap syndrome of asthma and COPD: what are its features 

and how important is it? Thorax. 2009;64:728-35. 

6. Salvi SS, Barnes PJ. Chronic obstructive pulmonary disease in non-smokers. The Lancet. 

2009;374:733-43. 

7. Sin B, Akkoca O, Saryal S, Oner F, Misirligil Z. Differences between asthma and COPD 

in the elderly. Journal of investigational allergology and clinical immunology. 2006;16:44. 

8. Guerra S. Overlap of asthma and chronic obstructive pulmonary disease. Current opinion 

in pulmonary medicine. 2005;11:7-13. 

9. Szefler SJ, Mitchell H, Sorkness CA, Gergen PJ, O'Connor GT, Morgan WJ, et al. 

Management of asthma based on exhaled nitric oxide in addition to guideline-based 

treatment for inner-city adolescents and young adults: a randomised controlled trial. The 

Lancet. 2008;372:1065-72. 

10. White P, Wong W, Fleming T, Gray B. Primary care spirometry: test quality and the 

feasibility and usefulness of specialist reporting. British journal of general practice. 

2007;57:701-5. 

11. Nobakht M. Gh BF, Aliannejad R, Rezaei-Tavirani M, Taheri S, Oskouie AA. The 

metabolomics of airway diseases, including COPD, asthma and cystic fibrosis. 

Biomarkers. 2015;20:5-16. 

12. Zhang A, Sun H, Wu X, Wang X. Urine metabolomics. Clinica chimica acta. 2012;414:65-

9. 

13. Mamas M, Dunn WB, Neyses L, Goodacre R. The role of metabolites and metabolomics 

in clinically applicable biomarkers of disease. Archives of toxicology. 2011;85:5-17. 



 

190 
 

14. Adamko D, Rowe BH, Marrie T, Sykes BD. Variation of metabolites in normal human 

urine. Metabolomics. 2007;3:439-51. 

15. Khamis MM, Adamko DJ, El‐Aneed A. Mass spectrometric based approaches in urine 

metabolomics and biomarker discovery. Mass spectrometry reviews. 2017;36(2)115-134. 

16. An M, Gao Y. Urinary biomarkers of brain diseases. Genomics, proteomics & 

bioinformatics. 2015;13:345-54. 

17. Saude EJ, Obiefuna IP, Somorjai RL, Ajamian F, Skappak C, Ahmad T, et al. Metabolomic 

biomarkers in a model of asthma exacerbation: urine nuclear magnetic resonance. 

American journal of respiratory and critical care medicine. 2009;179:25-34. 

18. Saude EJ, Skappak CD, Regush S, Cook K, Ben-Zvi A, Becker A, et al. Metabolomic 

profiling of asthma: diagnostic utility of urine nuclear magnetic resonance spectroscopy. 

Journal of allergy and clinical Immunology. 2011;127:757-64. e6. 

19. Loureiro CC, Oliveira AS, Santos M, Rudnitskaya A, Todo‐Bom A, Bousquet J, et al. 

Urinary metabolomic profiling of asthmatics can be related to clinical characteristics. 

Allergy. 2016;71:1362-5. 

20. Balgoma D, Larsson J, Rokach J, Lawson JA, Daham K, Dahlén B, et al. Quantification of 

lipid mediator metabolites in human urine from asthma patients by electrospray ionization 

mass spectrometry: controlling matrix effects. Analytical chemistry. 2013;85:7866-74. 

21. McClay JL, Adkins DE, Isern NG, O’Connell TM, Wooten JB, Zedler BK, et al. 1H nuclear 

magnetic resonance metabolomics analysis identifies novel urinary biomarkers for lung 

function. Journal of proteome research. 2010;9:3083-90. 

22. Wang L, Tang Y, Liu S, Mao S, Ling Y, Liu D, et al. Metabonomic profiling of serum and 

urine by 1H NMR-based spectroscopy discriminates patients with chronic obstructive 

pulmonary disease and healthy individuals. PloS one. 2013;8:e65675. 

23. Ban GY, Cho K, Kim SH, Yoon MK, Kim JH, Lee HY, et al. Metabolomic analysis 

identifies potential diagnostic biomarkers for aspirin‐exacerbated respiratory disease. 

Clinical & experimental allergy. 2016. 

24. Ząbek A, Stanimirova I, Deja S, Barg W, Kowal A, Korzeniewska A, et al. Fusion of the 

1H NMR data of serum, urine and exhaled breath condensate in order to discriminate 

chronic obstructive pulmonary disease and obstructive sleep apnea syndrome. 

Metabolomics. 2015;11:1563-74. 



 

191 
 

25. Adamko DJ, Nair P, Mayers I, Tsuyuki RT, Regush S, Rowe BH. Metabolomic profiling 

of asthma and chronic obstructive pulmonary disease: A pilot study differentiating 

diseases. Journal of allergy and clinical immunology. 2015;136:571-80. e3. 

26. Beger RD, Colatsky T. Metabolomics data and the biomarker qualification process. 

Metabolomics. 2012;8:2-7. 

27. Lee JW, Weiner RS, Sailstad JM, Bowsher RR, Knuth DW, O’Brien PJ, et al. Method 

validation and measurement of biomarkers in nonclinical and clinical samples in drug 

development: a conference report. Pharmaceutical research. 2005;22:499-511. 

28. Khamis MM, Adamko DJ, El-Aneed A. Development of a validated LC-MS/MS method 

for the quantification of 19 endogenous asthma/COPD potential urinary biomarkers. 

Analytica chimica acta. 2017;989:45-58. 

29. Awad H, Allen K, Adamko DJ, El-Aneed A. Development of a new quantification method 

for organic acid in urine as potential biomarkers for respiratory illness. Journal of 

Chromatography B; 2019. 

30. Buszewski B, Noga S. Hydrophilic interaction liquid chromatography (HILIC)—a 

powerful separation technique. Analytical and bioanalytical chemistry. 2012;402:231-47. 

31. European Medicines Aagency (EMA), Committee for Medicinal Products for Human Use 

(CHMP), Guidelines on bioanalytical method validation. 2011. 

32. US-FDA. Food and Drug Administration, FDA Guidance for Industry:Bioanalytical 

Method Validation, DRAFT GUIDANCE. US Department of Health and Human 

Services,FDA, Center for Drug Evaluation and Research, Rockville, MD, USA.  

https://wwwfdagov/downloads/drugs/guidances/ucm070107Pdf May 2018. 

33. BioAssay-Systems. QuantiChrom™ Creatinine Assay Kit, https://www.bioassaysys.com/ 

Creatinine-Assay-Kit.html 

34. Xu QA, Madden TL. LC-MS in drug bioanalysis: Springer Science & Business Media 

2012. 

35. Shah VP, Midha KK, Findlay JW, Hill HM, Hulse JD, McGilveray IJ, et al. Bioanalytical 

method validation—a revisit with a decade of progress. Pharmaceutical research. 

2000;17:1551-7. 

https://wwwfdagov/downloads/drugs/guidances/ucm070107Pdf


 

192 
 

36. Wilson SF, James CA, Zhu X, Davis MT, Rose MJ. Development of a method for the 

determination of glycine in human cerebrospinal fluid using pre-column derivatization and 

LC–MS/MS. Journal of pharmaceutical and biomedical analysis. 2011;56:315-23. 

37. Jacob P, Wilson M, Benowitz NL. Determination of phenolic metabolites of polycyclic 

aromatic hydrocarbons in human urine as their pentafluorobenzyl ether derivatives using 

liquid chromatography− tandem mass spectrometry. Analytical chemistry. 2007;79:587-

98. 

38. Putnam DF. Composition and concentrative properties of human urine. 1971. 

39. Thakare R, Chhonker YS, Gautam N, Alamoudi JA, Alnouti Y. Quantitative analysis of 

endogenous compounds. Journal of pharmaceutical and biomedical analysis. 

2016;128:426-37. 

40. van de Merbel NC. Quantitative determination of endogenous compounds in biological 

samples using chromatographic techniques. TrAC trends in analytical chemistry. 

2008;27:924-33. 

41. Fu Q, Liang T, Li Z, Xu X, Ke Y, Jin Y, et al. Separation of carbohydrates using 

hydrophilic interaction liquid chromatography. Carbohydrate research. 2013;379:13-7. 

42. Flores P, Hellín P, Fenoll J. Determination of organic acids in fruits and vegetables by 

liquid chromatography with tandem-mass spectrometry. Food chemistry. 2012;132:1049-

54. 

43. Huang Y, Tian Y, Zhang Z, Peng C. A HILIC–MS/MS method for the simultaneous 

determination of seven organic acids in rat urine as biomarkers of exposure to realgar. 

Journal of chromatography B. 2012;905:37-42. 

44. Tsugawa H, Tsujimoto Y, Sugitate K, Sakui N, Nishiumi S, Bamba T, et al. Highly 

sensitive and selective analysis of widely targeted metabolomics using gas 

chromatography/triple-quadrupole mass spectrometry. Journal of bioscience and 

bioengineering. 2014;117:122-8. 

45. Decision EC. implementing Council Directive 96/23/EC concerning the performance of 

analytical methods and the interpretation of results. Off J Eur Commun. 2002;221:8-36. 

46. SOFT / AAFS  Forensic Toxicology Laboratory Guidelines. http://www.soft-

tox.org/files/Guidelines_2006_Final.pdf.  2006. 

http://www.soft-tox.org/files/Guidelines_2006_Final.pdf
http://www.soft-tox.org/files/Guidelines_2006_Final.pdf


 

193 
 

47. Antonio C, Larson T, Gilday A, Graham I, Bergström E, Thomas‐Oates J. Hydrophilic 

interaction chromatography/electrospray mass spectrometry analysis of carbohydrate‐

related metabolites from Arabidopsis thaliana leaf tissue. Rapid communications in mass 

Spectrometry. 2008;22:1399-407. 

48. Chen Y, Liu Q, Yong S, Lee TK. High accuracy analysis of glucose in human serum by 

isotope dilution liquid chromatography-tandem mass spectrometry. Clinica chimica acta. 

2012;413:808-13. 

49. McIntosh T, Davis H, Matthews D. A liquid chromatography–mass spectrometry method 

to measure stable isotopic tracer enrichments of glycerol and glucose in human serum. 

Analytical biochemistry. 2002;300:163-9. 

50. Fay LB, Métairon S, Baumgartner M. Linearization of second‐order calibration curves in 

stable isotope dilution–mass spectrometry. Flavour and fragrance journal. 2001;16:164-8. 

51. Trufelli H, Palma P, Famiglini G, Cappiello A. An overview of matrix effects in liquid 

chromatography–mass spectrometry. Mass spectrometry reviews. 2011;30:491-509. 

52. Annesley TM. Ion suppression in mass spectrometry. Clinical chemistry. 2003;49:1041-4. 

53. Matuszewski B, Constanzer M, Chavez-Eng C. Strategies for the assessment of matrix 

effect in quantitative bioanalytical methods based on HPLC-MS/MS. Analytical chemistry. 

2003;75:3019-30. 

54. Szymańska E, Saccenti E, Smilde AK, Westerhuis JA. Double-check: validation of 

diagnostic statistics for PLS-DA models in metabolomics studies. Metabolomics. 

2012;8:3-16. 

55. Wold S, Sjöström M, Eriksson L. PLS-regression: a basic tool of chemometrics. 

Chemometrics and intelligent laboratory systems. 2001;58:109-30. 

56. Jung J, Kim SH, Lee HS, Choi G, Jung YS, Ryu D, et al. Serum metabolomics reveals 

pathways and biomarkers associated with asthma pathogenesis. Clinical & experimental 

allergy. 2013;43:425-33. 

57. de Laurentiis G, Paris D, Melck D, Maniscalco M, Marsico S, Corso G, et al. Metabonomic 

analysis of exhaled breath condensate in adults by nuclear magnetic resonance 

spectroscopy. European respiratory journal. 2008;32:1175-83. 



 

194 
 

58. Ubhi BK, Riley JH, Shaw PA, Lomas DA, Tal-Singer R, MacNee W, et al. Metabolic 

profiling detects biomarkers of protein degradation in COPD patients. European 

respiratory journal. 2012;40:345-55. 

59. Xia J, Wishart DS. Using MetaboAnalyst 3.0 for comprehensive metabolomics data 

analysis. Current protocols in bioinformatics. 2016:14.0. 1-.0. 91. 

60. Biedroń R, Ciszek M, Tokarczyk M, Bobek M, Kurnyta M, Słominska EM, et al. 1-

Methylnicotinamide and nicotinamide: two related anti-inflammatory agents that 

differentially affect the functions of activated macrophages. Archivum immunologiae et 

therapiae experimentalis. 2008;56:127. 

 



 

195 
 

3.7. Appendix 3.1 

Section A: Instrumentation 

Chromatographic separation was achieved on an Agilent 1290 infinity UPLC system (ON, 

Canada). A 1290 infinity autosampler maintained at 4 ºC was used to inject 5 µL solutions for 

separation on a SeQuant® ZIC-HILIC column (3.5 µm, 100Å, 150 mm × 2.1 mm) maintained at 

55 ºC. A gradient binary mobile phase system composed of (A) 10 mM AMFA and (B) 0.1% FA 

in ACN: 10 mM AMFA (95: 5), was set to flow at 250 ml/min. The gradient program changed 

from 20% A to 30% A over 7 min, followed by a further increase to 50% A by 9 min. The original 

composition was restored after 1 min and was held constant for an additional 3 min for 

equilibration. At min 8, the flow was diverted, through an integrated switching valve, into waste 

in order to decrease the contamination of the ion source. A needle wash step with 80% ACN was 

employed between injections. Data processing was achieved on Analyst® software, version 1.6.2 

(AB Sciex, ON, Canada). 

Following separation, column effluent was directed to an AB Sciex 6500 API QTrap (AB 

Sciex, ON, Canada). Quantification was achieved in the multiple reaction monitoring (MRM) 

mode with polarity switching, where, 1MN, COL, CRE, GAA and URC were detected in the 

positive ion mode, whereas negative ionization was used for GLC and PYA. Table 3.1 summarizes 

the MRM parameters used for quantification.  

The ion spray voltage was set at 5 Kv and -4.5 Kv, and the optimized declustering potential 

(DP) was set at 40V and -40V for positive and negative ionization, respectively. The entrance 

potential (EP) and collision exit potential (CXP) for all transitions were fixed at 10 and -10 for the 

positive and negative ion modes, respectively. The following settings were also adopted: turbo 
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spray ion source temperature: 300 ºC, curtain gas (CUR): 30, collision gas (CAD): 9, nebulizer 

gas (GS1): 40 and heater gas (GS2): 40. The cycle time was kept at 1.0351 sec with 5 msec pause 

between ion transitions. Initial optimization experiments investigating the fragmentation pattern 

of each metabolite were conducted using direct infusion. A Harvard syringe pump, set at 10 

µL/min, was used for the injection of each individual analyte, properly diluted in the mobile phase. 

The ion source temperature was fixed at 250 ºC and the scan range was set at m/z 50–500. 
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Section B: Effect of filtration  

 

Figure I: Effect of filtration on the peak area ratios of the investigated metabolites in urine. Ratios 

are the average of 6 replicates prepared from 6 different sources of urine.* Significant difference 

in metabolite peak area at 95% confidence interval, t critical= 2.51 
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Section C: Method optimization for Glucose 

 

 

Figure II:Selection of MRM transition ion for GLC-IS. (A) Extracted ion chromatogram (XIC) GLC-IS in neat solvent, (B) unexpected 

interference in urine sample containing no internal standard was observed for GLC-IS at m/z 227>181.1 and (C) no intereference was observed 

by monitoring GLC-IS m/z 227>121 transition. (D) Extracted ion chromatogram (XIC) for GLC standard, monitored at m/z 225>179, 225>119 

and 225>89. 
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Scheme 1: MS/MS analysis of 1MN and the proposed fragmentation pathway 
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Scheme 2: MS/MS analysis of COL and the proposed fragmentation pathway 
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Scheme 3: MS/MS analysis of GAA and the proposed fragmentation pathway 
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Scheme 4: MS/MS analysis of CRE and the proposed fragmentation pathway 
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Scheme 5: MS/MS analysis of URC and the proposed fragmentation pathway 
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Scheme 6: MS/MS analysis of GLC and the proposed fragmentation pathway 
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Scheme 7: MS/MS analysis of PYA and the proposed fragmentation pathway  
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3.8. Appendix 3.2 

Table I: Composition of artificial urine as suggested by the literature 

 

 

Component mg% 

Ammonium sulphate 100 

Ascorbic acid 2 

Citric acid 50 

Creatinine 150 

Glucuronic acid 50 

Glutamic acid 15 

Glycine 30 

Histidine 50 

Lactic acid 25 

Lysine  5 

Magnesium sulphate 100 

Potassium carbonate 25 

Potassium phosphate 100 

Sodium bicarbonate 50 

Sodium chloride 1000 

Taurine 15 

Threonine 10 

Urea 1600 
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Table II. Intra-day accuracy and precision for the developed HILIC-MS/MS method for the quantification of seven endogenous 

metabolites in urine 

1Endogenous levels in prestandardized pooled urine (ng/mL): 1MN: 312, COL: 173, CRE: 1690, GAA: 1308, GLC: 4177, PYA: 416, 

URC: 227 

*n=5  

Analyte1 LLOQ LQC MQC HQC 

Day 
Nominal 

ng/mL 
Found* 

ng/mL 
SD Accuracy 

% 
RSD

% 

Nominal 

ng/mL 
Found* 

ng/mL 
SD Accuracy 

% 
RSD

% 

Nominal 

ng/mL 
Found* 

ng/mL 
SD Accuracy 

% 
RSD

% 

Nominal 

ng/mL 
Found* 

ng/mL 
SD Accuracy 

% 
RS

D% 

1
M

N
 1 

18 

18.7 1.5 103.9 7.9 

30.2 

29.9 1.6 98.8 5.5 

912 

896.0 26.3 98.3 2.9 

1510 

1475 44.3 97.5 3.0 

2 18.5 0.3 102.3 1.6 30.2 0.5 99.8 1.7 909.8 21.7 99.8 2.4 1495 17.3 99.1 1.2 

3 17.2 0.5 95.4 2.8 27.4 1.1 90.6 3.8 881.0 8.3 96.6 1.0 1418 44.6 94.0 3.1 

C
O

L
 1 

6 

5.7 0.2 94.4 3.4 

11.5 

12.1 0.5 105.5 4.4 

374 

376.8 5.0 100.8 1.3 

574 

572 4.3 99.9 0.8 

2 5.9 0.2 98.8 3.0 11.7 0.1 101.5 1.1 377.0 3.1 101.0 0.8 560 2.5 97.7 0.5 

3 5.9 0.2 97.9 3.2 10.3 0.2 89.3 1.7 367.4 2.7 98.3 0.7 531 20.0 92.6 3.8 

C
R

E
 1 

60 

59.4 2.5 99.0 4.1 

114 

112.5 1.3 98.8 1.1 

3690 

3855.0 73.3 104.3 1.9 

5690 

5787 186 101.7 3.2 

2 59.9 2.2 99.9 3.6 113.5 1.7 99.6 1.5 3862.5 119.6 104.5 3.1 5797 54 102.0 0.9 

3 58.8 3.2 98.0 5.4 101.8 2.9 89.3 2.9 3724.9 23.8 101.0 0.6 5547 168 97.5 3.0 

G
A

A
 1 

75 

84.0 4.8 112.0 5.7 

126 

127.5 8.1 101.1 6.3 

3810 

3912.5 148.6 103.4 3.8 

6310 

6387 128 101.7 2.0 

2 78.5 6.7 104.9 8.5 130.8 13.6 104.2 10.4 3895.0 154.2 102.3 4.0 6242 85 98.9 1.3 

3 77.2 6.7 103.0 8.5 113.8 6.6 90.30 5.8 364.3 71.6 95.7 2.0 5940 205 94.1 3.5 

G
L

C
 1 

210 

210.3 6.8 100.4 3.3 

364 

367.0 9.6 105.8 2.6 

11200 

11125.0 221.7 99.7 2.0 

18200 

17975 377 99.0 2.1 

2 212.5 7.6 101.1 3.6 370.5 5.8 102.0 1.6 11300.0 336.7 101.1 3.0 17825 320 98.1 1.8 

3 213.2 5.0 101.7 2.4 330.8 7.8 90.9 2.6. 10850.3 60.6 96.9 0.6 17120 364 94.1 2.1 

P
Y

A
 1 

45 

41.7 1.8 92.6 4.4 

66.4 

72.5 2.1 109.3 2.9 

1820 

1672.5 37.8 91.9 2.3 

3320 

2973 77 89.5 2.6 

2 40.9 3.6 90.9 8.7 69.5 4.7 104.7 6.8 1585.0 43.6 87.1 2.8 3110 227 93.7 7.3 

3 43.0 0.9 96.6 2.2 56.9 0.4 85.7 0.6 1174.5 26.2 97.5 1.5 3091 83 93.1 2.7 

U
R

C
 1 

51 

51.00 2.0 100.2 4.0 

72.5 

71.9 2.2 99.1 3.1 

1930 

1955.0 91.1 101.3 4.7 

3630 

3675 107 101.4 2.9 

2 50.90 2.9 99.9 5.6 70.1 2.1 96.7 2.9 1957.5 45.0 101.6 2.3 3745 193 103.0 5.2 

3 52.50 0.8 103.0 1.5 65.3 1.2 90.0 1.8 1931.7 22.3 100.1 1.2 3548 128 97.8 3.6 

2
0
7
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Table III. Inter-day accuracy and precision for the developed HILIC-MS/MS method for the quantification of seven endogenous 

metabolites in urine 

 

Analyte1                                                          LLOQ 

 

LOQ MQC HQC 

 Nominal 

ng/mL 

Found* 

ng/mL 

SD Accuracy 

% 

CV

% 

Nominal 

ng/mL 

Found* 

ng/mL 

SD Accuracy 

% 

CV

% 

Nominal 

ng/mL 

Found* 

ng/mL 

SD Accuracy 

% 

CV

% 

Nominal 

ng/mL 

Found* 

ng/mL 

SD Accuracy 

% 

CV

% 

1MN 18 

 

18.1 1.1 100.5 6.0 30.2 

 

29.2 1.7 96.6 5.9 912 

 

895.8 22.1 98.2 2.5 1510 

 

1462.5 47.9 96.9 3.4 

COL 6 

 

5.8 0.2 97.0 3.5 11.5 

 

11.3 0.9 98.6 7.6 374 

 

373.8 7.9 99.9 2.1 574 

 

555.2 22.2 96.7 4.0 

CRE 60 

 

59.4 2.4 99.0 4.1 114 

 

109.3 5.9 95.8 5.4 3690 

 

3814.2 99.1 103.4 2.6 5690 

 

5711.7 179.1 100.4 3.1 

GAA 75 

 

79.9 6.3 106.6 7.9 126 

 

124.1 11.7 98.5 9.4 3810 

 

3819.2 172.2 100.2 4.5 6310 

 

6190.0 236.6 98.1 3.8 

GLC 210 

 

212.0 5.9 101.0 2.8 364 

 

350.8 22.1 96.4 6.3 11200 

 

11075 328.4 98.9 3.0 18200 

 

17475.0 489.2 96.0 2.8 

PYA 45 

 

41.9 2.3 93.0 5.9 66.4 

 

66.3 7.5 99.9 11.4 1820 

 

1676.7 86.6 92.1 5.2 3320 

 

3057.5 147.2 92.1 4.8 

URC 51 

 

51.0 2.4 100.0 4.7 72.5 

 

69.1 3.4 95.6 4.9 1930 

 

1942.5 51.2 100.7 2.6 3630 

 

3655.8 159.1 100.7 4.4 

1Endogenous levels in prestandardized pooled urine (ng/mL): 1MN: 312, COL: 173, CRE: 1690, GAA: 1308, GLC: 4177, PYA: 416, 

URC: 227 

*n=15  

 

 

2
0
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Table IV. Extraction recovery and dilution integrity of the developed HILIC-MS/MS method for the quantification of seven endogenous 

metabolites in urine 

 

1 n=3, 2n=5 

Metabolite 

Extraction Recovery  Dilution Integrity 

Nominal 

concentration 

ng/mL 

CV 

(%) 

Recovery1 

(%) 

Fold 

dilution 

Nominal  

concentration 

ng/mL 

Found2 

(ng/mL) 

CV 

(%) 

Recovery 

(%) 

1MN 

48 0.8 98.6  10 511 491.6 1.6 96.2 

480 3.2 91.1  20 256 245.2 1.8 95.9 

1200 1.2 90.9  100 51.1 49.1 2.6 96.0 

COL 

16 1.5 99.2  10 177 172.8 2.9 97.4 

160 0.8 93.4  20 89 87.5 2.7 98.6 

400 0.7 89.0  100 18 18.3 3.2 103.5 

CRE 

160 0.5 98.7  10 1770 1742.0 2.5 98.3 

1600 1.3 93.2  20 885 870.8 3.6 98.4 

4000 2.4 89.8  100 177 183.3 3.2 103.5 

 

GAA 

200 0.7 98.0  10 2130 2150.0 2.1 101.1 

2000 3.3 90.7  20 1070 1084.0 2.1 101.7 

5000 1.7 86.7  100 213 192.3 3.1 90.3 

GLU 

560 4.0 99.9  10 6020 5870.0 3.5 97.5 

5600 0.7 90.7  20 3010 3012.0 3.1 100.1 

14000 1.4 85.9  100 602 549.7 7.3 91.3 

 

PYA 

120 0.5 96.1  10 621 591.4 2.2 95.3 

1200 3.7 89.5  20 1240 1146.0 2.2 92.3 

3000 0.9 89.6  100 62.1 64.2 8.4 103.4 

 

URC 

133 0.9 102.5  10 1380 1356.0 2.5 98.1 

1333 1.4 86.4  20 691 691.4 2.3 99.9 

3333 1.4 86.9  100 138 142.7 8.4 103.4 

 

2
0
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Table V. Stability studies of the developed HILIC-MS/MS method for the quantification of seven metabolites in urine

Metabolite Stability                                            LQC                              Quality Control                              HQC 

  
Nominal 

(ng/mL) 

Found 

(ng/mL), n=4 

      

SD 

Accuracy 

(%) 

CV 

(%) 

Nominal 

(ng/mL) 

Found 

(ng/mL), n=4 
SD 

Accuracy 

(%) 

CV 

(%) 

1MN 

36 h 4°C 

30.2 

31.8 1.8 104.9 5.7 

1510 

1473 35.0 97.5 2.4 

3 FT cycles 26.8 0.9 88.7 3.2 1445 42.0 95.6 2.9 
Bench RT 4h 27.7 0.9 91.5 3.3 1418 12.6 93.8 0.9 

1 Month  27.4 0.9 90.6 3.4 1415 26.3 93.7 1.9 

3 Months 30.7 1.4 101.5 4.5 1478 39.9 97.9 2.7 

Stock stability- 3 months 72 72.4 2.1 100.6 2.9 900 935 24.0 103.9 2.6 

COL 

36 h 4°C 

11.5 

11.5 0.5 100.5 4.2 

574 

566 8.5 98.5 1.5 

3 FT cycles 10.7 0.4 93.3 4.0 565 13.8 98.4 2.5 

Bench RT 4h 10.7 0.4 93.0 3.9 543 12.5 94.6 2.3 
1 Month 10.4 0.5 90.5 5.0 548 2.4 95.5 0.4 

3 Months 11.6 1.0 100.5 8.8 571 13.2 99.4 2.3 

Stock stability- 3 months 24 24.2 0.7 100.8 2.8 300 309 10.6 103.0 3.4 

CRE 

36 h 4°C 

114 

115.5 3.3 101.3 2.9 

5690 

5805 131.0 102.0 2.3 

3 FT cycles 105.0 3.7 92.3 3.6 5718 77.6 100.5 1.4 
Bench RT 4h 108.0 1.8 94.9 1.7 5520 241.8 97.0 4.4 

1 Month 103.5 1.8 90.8 1.7 5581 97.6 98.1 1.7 

3 Months 115.3 5.2 101.2 4.5 5576 119.0 98.0 2.1 

Stock stability- 3 months 240 243.7 7.6 101.6 3.1 3000 3124 59.9 104.1 1.9 

GAA 

36 h 4°C 

126 

123.5 8.9 98.1 7.3 

6310 

6378 141.5 101.1 2.2 

3 FT cycles 127.8 8.1 101.7 6.3 6330 54.8 100.4 0.9 

Bench RT 4h 126.5 8.8 100.7 7.0 6230 61.6 98.8 1.0 
1 Month 122.2 13.5 97.0 11.1 6002 71.6 95.1 1.2 

3 Months 120.2 5.6 95.4 4.6 5998 151.1 95.0 2.5 

Stock stability- 3 months 300 307.6 9.8 102.5 3.2 3750 3874 98.3 103.3 2.5 

GLU 

36 h 4°C 

364 

372.8 10.9 102.3 2.9 

18200 

17125 287.2 94.3 1.7 
3 FT cycles 350.8 9.2 96.5 2.6 17500 408.3 96.3 2.3 

Bench RT 4h 346.3 9.7 95.2 2.8 16875 500.0 92.8 3.0 

1 Month 333.5 5.5 91.6 1.7 16923 285.0 93.0 1.7 
3 Months 362.3 8.2 99.5 2.3 16556 382.9 91.0 2.3 

Stock stability- 3 months 840 833.6 23.7 99.2 2.8 10500 10516 103.3 100.2 1.0 

PYA 

36 h 4°C 

66.4 

74.5 2.0 112.3 2.7 

3320 

3073 116.4 92.5 3.8 

3 FT cycles 68.8 4.5 103.6 6.5 2795 50.7 84.2 1.8 

Bench RT 4h 65.2 6.9 98.2 10.6 2793 9.5 84.1 0.3 
1 Month 61.1 1.9 92.1 3.1 3009 25.1 90.6 0.8 

3 Months 68.7 5.8 103.4 8.4 3109 68.4 93.6 2.2 

Stock stability- 3 months 180 189.3 2.4 105.1 1.2 2250 2386 29.1 106.0 1.2 

URC 

36 h 4°C 

72.5 

73.9 2.6 101.9 3.5 

3630 

3605 107.9 99.5 3.0 
3 FT cycles 65.5 2.1 90.3 3.1 3443 55.6 94.9 1.6 

Bench RT 4h 63.9 5.5 88.1 8.7 3435 133.0 94.7 3.9 

1 Month 63.8 2.0 88.0 3.1 3472 14.9 95.7 0.4 
3 Months 77.8 6.5 107.2 8.3 3439 211.5 94.7 6.2 

Stock stability- 3 months 204 212.5 7.1 104.2 3.3 2550 2598 23.1 101.9 0.9 

2
1
0
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Transitioning rationale:  

While validated LC-MS/MS methods were developed for the absolute quantification of 

groups 1 and 3 metabolites (Chapters 2 and 3), herein other approaches to expedite sample 

analysis without compromising data integrity are explored. In this chapter (Chapter 4), the 

performance characteristics of multipoint calibration to relative quantification and single point 

calibration are evaluated.   

 

4.1. Abstract 

Targeted metabolomics involves the accurate and precise quantification of candidate 

biomarkers, often through tandem mass spectrometric (MS/MS) analysis. Differential isotope 

labeling (DIL) improves mass spectrometric (MS) analysis in metabolomics by derivatizing 

metabolites with two isotopic forms of the same reagent. Despite its advantages, DIL-liquid 

chromatographic (LC)-MS/MS can result in substantial increase in workload when fully validated 

quantitative methods are required. To decrease the workload, we hypothesized that single point 

calibration or relative quantification could be used as alternative methods. Either approach will 

result in significant saving in resources and time. To test our hypothesis, six urinary metabolites 

were selected as model compounds. Urine samples were analyzed using a fully-validated 

multipoint dansyl chloride-DIL-LC-MS/MS method. Samples were reprocessed using single point 

calibration and relative quantification modes. Our results demonstrated that the performance of 

single point calibration or relative quantification was inferior, for some metabolites, to multipoint 

calibration. The lower limit of quantification failed in the quantification of ethanolamine in most 

of participant samples using single point calibration. In addition, the precision of single point 

calibration was not acceptable in one participant during serine and ethanolamine quantification. 
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On the other hand, relative quantification resulted in the least accurate data. In fact, none of the 

data generated from relative quantification for serine was comparable to that obtained from 

multipoint calibration. Finally, while single point calibration showed an overall acceptable 

performance for the majority of the model compounds, we cannot extrapolate the findings to other 

metabolites within the same analytical run. Analysts are advised to assess accuracy and precision 

for each metabolite in which single point calibration is the intended quantification mean.  

Key words: 

Metabolomics; Single point calibration; Validation; Quantification; Differential isotope 

Labeling, Dansyl chloride  

4.2. Introduction 

Metabolomics encompasses the identification and quantification of all possible 

endogenous and exogenous metabolites in a biological sample [1-3]. Biomarker discovery is a key 

application in metabolomics that aims to improve disease diagnosis and prognosis while also 

assessing therapeutic efficacy and toxicity [1-4]. Metabolomics studies transition sequentially 

from untargeted to targeted platforms [5-7]. Unlike screening in the untargeted approach, targeted 

quantification of preselected metabolites requires a robust methodology usually with multiple 

reaction monitoring (MRM) acquisition [5-8]. Targeted analysis is typically conducted by 

coupling tandem mass spectrometry (MS/MS) to gas chromatography (GC) or liquid 

chromatography (LC) [5-8]. 
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The lack of well-established analytical frameworks for absolute quantification is a 

bottleneck in the biomarker qualification process [9-13]. Contrary to method validation for 

xenobiotics, available guidelines [14, 15] are not well suited to address all challenges with 

endogenous metabolite quantification. Consequently, there has been confusion on the extent of 

method validation needed to meet regulatory requirements [9-12]. A “fit-for-the-purpose” 

approach, achieving minimum validation criteria, has been deemed adequate for preliminary 

biomarker discovery experiments. However, methods designated for clinical decision making 

require full validation to ascertain accuracy, precision, specificity, robustness and stability [9-12].  

In comparison with multipoint calibration, single point calibration involves the use of a 

single reference solution for the quantification of the target analyte. It assumes that the response 

of the analyte and the detector is linear to the analyte’ s concentration and the hypothetical 

calibration curve has a zero y-intercept [16, 17]. Single point calibration has been frequently used 

[18-25] and it represents a compromise between validation rigidity, workload and speed of data 

acquisition, thus providing semi-quantitative data [18]. Inaccuracies from single point calibration 

have been reported, citing low analytes concentration [19] or nonlinear calibration models [20], as 

possible reasons. On the contrary, it has demonstrated comparable performance to multipoint 

calibration  for quantifying analytes in biological fluids [21-23], pharmaceutical preparations [24] 

and tissue extracts [22, 25].  

Differential isotope labeling (DIL) in metabolomics, pioneered by L. Li, has been exploited 

to address many typically encountered challenges, including matrix interference and internal 

standard (IS) availability [26-28]. Using DIL, the derivatizing reagent is synthesized into light and 

heavy (deuterium (2H) or 13C-labeled) forms [27-35]. The simultaneous derivatization of the 

analyte with both forms generates two isotopologue products that when mixed are detected as a 
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peak pair by mass spectrometry (MS) [27-34]. Derivatizing reagents targeting specific 

submetabolomes, such as dansyl chloride (DNS-Cl) (alcohols, amines and phenols) [27, 29], p-

dimethylaminophenacyl bromide (acids) [28, 30], dansyl hydrazine (carbonyl) [31] and 

bromoacetonylquinolinium bromide (thiols) [32] are continuously introduced to DIL technique, 

increasing its usefulness in metabolomics. DIL is used for both absolute and semi-quantification 

purposes (Figure 4.1) [27-35]. However, absolute quantification [28, 35-37] has been an 

unfavorable option for researchers seeking rapid quantitative metabolomics data. This can be 

attributed to the additional workload for optimizing different reaction conditions along with the 

routine optimization of chromatographic/MS systems and the extensive validation needed prior to 

sample analysis [14, 15]. Accordingly, DIL has been mostly exploited in semi-quantification, or 

“relative quantification” as described within the metabolomics society (Figure 4.1) [27, 32].   

We have recently developed an LC-MS/MS method for the absolute quantification of 19 

amine- and phenol- containing urinary metabolites using DIL with 12C2/
13C2- DNS-Cl [37]. The 

method was fully validated according to regulatory guidelines [14, 15]. However, a typical batch 

for clinical data acquisition would necessitate around 28 non-patient injections (around 11 hrs) of 

calibration standards, quality control (QC) samples, blanks and system suitability samples [37, 

38], leading to an increased analysis time. Accordingly, we decided to pursue a comparative study 

between three different quantification modes using DIL-LC-MS/MS, where the performance of 

single point calibration or relative quantification was compared to the validated multipoint 

calibration method [37]. We hypothesized that these methods could provide accurate and precise 

analytical data, which would subsequently result in significant reduction in the required resources 

for high throughput targeted DIL-LC-MS/MS metabolomics. However, our hypothesis was not 

valid for the entire set of pilot metabolites selected for this study. Based on our findings, the 
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robustness of single point calibration for the quantification of the remaining 13 metabolites was 

unpredictable and could not be extrapolated. Consequently, we opted not to further expand the 

current study by including the remaining set of the 19 metabolites and a conclusion was drawn to 

pursue our future metabolomics research in the multipoint calibration mode. This work represents 

the first comparison of the analytical performance of three DIL-based targeted methods for 

metabolomics application. 

4.3. Experimental  

4.3.1. Materials and Chemicals 

12C2/
13C2- DNS-Cl were synthesized as previously described [37]. All reagents and 

reference standards are detailed in our recent work [37].   

4.3.2. Urine Sample Collection 

Participants (n=7) were enrolled after obtaining their written informed consent as approved 

by the University of Saskatchewan’s biomedical research ethics board (Bio# 13-89). Random mid-

stream urine samples were collected from healthy male participants (25-40 years of age) currently 

not taking any form of medications. Urine specimen cups (Starplex Scientific Inc, ON, CA) were 

frozen at -80 ºC shortly after collection and samples were subjected to one freeze-thaw cycle in 

which they were divided into aliquots in 1.5 mL micro centrifuge tubes (Fischer, CA). A pooled 

urine sample was prepared by mixing equal aliquots from five participants.  
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Figure 4.1. Quantitative platforms in DIL-LC-MS/MS; (A) single and multipoint calibration and (B) relative quantification. Pooled 

surrogate urine is prepared from seven pooled urine samples processed as described under “standards derivatization”.  

 

 

 

 

 

B A 

2
1
7
 



 

218 
 

4.3.3. Standards Derivatization  

The preparation of underivatized individual standards, underivatized working standards 

mixture and derivatized standards mixture was done as previously reported [37]. Briefly, for the 

derivatized standards, i.e., 12C2-DNS-analytes stock solution preparation: 50 µL from the working 

stock solution of the 19 standards were mixed with 30 µL bicarbonate/carbonate buffer (pH 9.4, 

0.5 M) and 40 µL 12C2-DNS-Cl (10.13 mg/mL in acetonitrile (ACN)). The mixture was heated at 

60 ºC for 30 minutes and excess DNS-Cl was quenched with 10 µL 0.25 M NaOH with further 

heating at 60 ºC for 10 min. Seventy µL of 300 mM formic acid (FA) in 50% ACN were added 

for medium acidification [37]. These derivatization steps, with the use of the appropriate isotopic 

form of DNS-Cl, are common between 12C2-DNS-analytes, 13C2-DNS-ISs and 12C2/
13C2- urine 

samples.  

Only for the preparation of 13C2-DNS-ISs stock solution, used in multipoint and single 

point calibrations, the addition of 300 mM FA in 50% ACN was followed by further dilution with 

50 µL of 50% ACN. This dilution step was previously optimized in order to achieve the validated 

concentration of the ISs in the final mixtures [37]. Ten µL aliquots from the aforementioned 

solution were used for spiking purposes in single and multipoint calibrations [37]. We have 

previously validated the suitability of the “surrogate urine” in simulating real derivatized urine 

[37]. The surrogate urine is used for the preparation of multipoint calibration standards and QC 

samples and it is prepared following the same derivatization steps described for 12C2-DNS-analytes 

solution. However, 50 µL of pooled urine sample (seven patients) were used instead of the working 

stock solution and 40 µL ACN substituted the derivatizing reagent [37]. This matrix is meant to 

compensate for the absence of metabolite-free urine needed for method validation.  
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For relative quantification, only 12C2-DNS-analytes solution is needed and was prepared 

similar to multipoint calibration. The produced 12C2-DNS-analytes solution was further mixed with 

equal volume from 13C2-DNS-pooled urine prepared as described below.  

4.3.4. Urine Derivatization 

Urine aliquots were thawed to room temperature, diluted 2-fold with ACN, vortexed and 

centrifuged at 13,000 rpm for 10 min prior to derivatization. Multipoint and single point 

quantification required the preparation of 12C2-urine samples [37]. Fifty µL of the supernatant 

solution of each urine sample (seven participants and one pooled urine sample) were derivatized 

as described for 12C2-DNS- analytes solution. Following the addition of 300 mM FA in 50% ACN, 

50 µL of each reacted urine mixture were diluted with 50 µL 50% ACN containing 10 µL 13C2-

DNS-ISs. The solutions were transferred into HPLC vials equipped with 100 µL glass inserts for 

analysis [37]. For relative quantification, additional 13C2- pooled urine was prepared. After the 

addition of 300 mM FA in 50% ACN in 12C2-urine or 13C2- pooled urine, equal portions of both 

isotopic solutions were mixed for HPLC analysis.  

4.3.5. Instrumentation 

The validated method developed in our previous work [37] has been partially validated on 

a 1290 Agilent UPLC system (Mississauga, ON, Canada) interfaced to an AB Sciex 6500 API 

QTRAP instrument (AB Sciex, Concord, ON, Canada). A 1290 Agilent autosampler set at 4 ºC 

was used to deliver 5 µL samples for separation on a Kinetex C18 column (100 mm×2.1 mm, 5 µm 

ID, 100 Å pore size, Phenomenex, Canada), maintained at 22 ºC. The binary mobile phase system, 

composed of (A) 5% ACN in 0.1% FA and (B) 0.1% FA in ACN, was used for metabolites 

separation in 25 min at a flow rate of 250 µL/min. The gradient system was as follows: t=0, 90% 

A, t=6, 85% A, t=19, 35% A, t=20, 35% A, t=20.1, 90% A and t=25, 90% A.  



 

220 
 

Quantification was achieved using MRM scan mode and positive electrospray ionization 

(ESI). The monitored precursor ion → product ion transition for each 12C2-DNS-analyte (dansyl 

derivatized metabolite), was m/z [M+H]+→ m/z 170.10, whereas the analogues 13C2-DNS-ISs were 

monitored at m/z [M+H+2]+→ m/z 172.10. A qualifier diagnostic product ion was monitored for 

each 12C2-DNS-analyte to confirm its identity, shown in Table 4.1. The following parameters were 

optimized: turbo spray ion source temperature= 550 ºC, ion spray voltage= 5.5 kV, curtain gas= 

30, collision gas= 9, nebulizer gas= 50, heater gas= 50, entrance potential=10, collision exit 

potential= 13, transition dwell time= 20 msec and cycle time=1.4504 sec. The collision energy 

(CE) and declustering potential (DP) were separately optimized for each analyte (Table 4.1). Data 

processing was achieved on Analyst software, version 1.6.2 (AB Sciex, Concord, ON, Canada) 

and SPSS software (version 24). 

4.3.6. Metabolite Selection 

Based on our previous experience with human urine quantitative analysis [37], we chose 

four metabolites: valine (VAL), tryptophan (TRP), serine (SER) and ethanolamine (ETNH2). Each 

met at least three of the following criteria: (A) the metabolite is typically present in urine below 

its upper limit of quantification (ULOQ), and does not require additional sample dilution, (B) the 

metabolite is not seen at a concentration below the lower limit of quantification (LLOQ), (C) the 

metabolite’s concentration is known to vary greatly among participant samples regardless of the 

participant’s hydration status, and (D) the average concentration of the metabolite in pooled urine 

sample was in the middle range of the calibration curve.  

The performance of the single point and relative quantification methods was further 

challenged through the inclusion of sarcosine (SAR) and lysine (LYS), which we have found to 

be present in urine towards the lower end of their linearity ranges. The selection criteria were 
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biased towards the “best performing” metabolites. Such bias ensured that the variations in 

metabolite concentration would reflect true differences in performance across different 

quantification methods. Metabolites that might compromise the power of the analysis due to their 

trace levels (below LLOQ) were excluded, so as those that might introduce an error in the 

comparative study due to their additional sample preparation (above ULOQ). 

4.3.7. Metabolite Quantification  

A. Multipoint Calibration  

Absolute quantification requires the use of calibration and QC samples (Figure 4.1A). 

Preparation of such solutions was done in accordance with our published protocol [37]. Eight-

point calibration curves were generated by plotting peak area ratios of 12C2-DNS-analytes and 

13C2-DNS-ISs against the corresponding 12C2-DNS-analytes concentrations (Table 4.1). Linear 

regression equations were generated using the sum of least squares with 1/x2 weighing, a factor 

previously optimized during method validation [37]. QC samples were prepared at three different 

levels: lower QC (LQC), middle QC (MQC) and high QC (HQC) (Table 4.1). 

B. Single Point Calibration 

Raw data generated from Analyst software, version 1.6.2 was reprocessed for single point 

calibration. Since in real practice, each calibration curve point or QC sample can serve as a 

calibrator for analyte quantification (Figure 4.1A), metabolites were quantified using all 

calibration points and all three QC levels. There are differences in the linearity range optimized 

for each metabolite based on its levels in urine [37]. As such, the concentration of the calibrators 

are expressed in terms of fold concentration to the LLOQ. Calibrators [200×] to [1×], represent 

the eight calibration solutions, where [200×] corresponds to the ULOQ and [1×] represents LLOQ 
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(Table 4.1). Peak area ratios of 12C2-DNS-analytes to 13C2-DNS-ISs in calibrators and individual 

urine samples were the basis for metabolite quantification (section “statistical data analysis”).  

C. Semi “Relative” Quantification  

Relative quantification was achieved in two sequential steps as previously reported (Figure 

4.1B) [27]. In the first step, the selected metabolites were quantified in pooled urine relative to 

their standards. In the second step, the quantified metabolites in pooled urine were used to 

determine their concentration in individual urine samples. For the quantification of metabolites in 

pooled urine (Step 1), 3 different volumes from 12C2-DNS-analytes solution, producing final 

concentrations equivalent to calibrators [133.3×], [83.3×] and [2.67×], were properly diluted to 50 

µL with 50% ACN and were separately mixed with 50 µL of 13C2- pooled urine sample. The 

concentrations of the selected 13C2-DNS-urinary metabolites were determined using absolute peak 

area comparison against each 12C2-DNS-analyte calibrator (section “statistical data analysis”). In 

step 2, 50 µL of 13C2- pooled urine sample were mixed with an equal volume of individual 12C2- 

urine sample (Figure 4.1B). Quantification of metabolites in individual urine samples was also 

achieved through absolute peak area comparison (section “statistical data analysis”).  
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Table 4.1. The MS and regression parameters of the investigated dansylated metabolites 

 

* Metabolites quantified as DNS derivatives, 1[200×] corresponds to the upper limit of quantification (ULOQ) and [1×] 

represents the lower limit of quantification (LLOQ), 2 Collision energy, 3 Declustering potential, 4 Quantifier product ion= m/z 

170.1 

Analyte* Sarcosine 

(SAR) 

Valine 

(VAL) 

Tryptophan 

(TRP) 

Serine 

(SER) 

Ethanolamine 

(ETNH2) 

Lysine 

(LYS) 

Regression equation 
1.63E-03x+ 

3.12E-04 

1.63E-03x+ 

4.46E-04 

7.18E-04x+ 

3.37E-04 

3.77E-04x + 

6.20E-04 

3.41E-04x+ 

1.71E-03 

3.44E-04x+ 

1.40E-04 

r2 0.997 0.997 0.997 0.998 0.998 0.997 

Calibration points [× of 

LLOQ]1 

Concentrations ng/mL 

ULOQ [200×] 

[133.3×] 

[75×] 

[66.7×] 

[33.3×] 

[10×] 

[3.3×] 

LLOQ [1×] 

HQC [166.7×] 

MQC [83.3×] 

LQC [2.7×] 

375 

250 

187.5 

125 

62.5 

18.75 

6.25 

1.875 

312.5 

156.25 

5 

750 

500 

375 

250 

125 

37.5 

12.5 

3.75 

625 

312.5 

10 

1500 

1000 

750 

500 

250 

75 

25 

7.5 

1250 

625 

20 

3000 

2000 

1500 

1000 

500 

150 

50 

15 

2500 

1250 

40 

3000 

2000 

1500 

1000 

500 

150 

50 

15 

2500 

1250 

40 

4800 

3200 

2400 

1600 

800 

240 

80 

24 

4000 

2000 

64 

CE2 27 30 39 29 32 38 

DP3 66 75 60 70 55 80 

Q1 323.0 351.1 438.2 339.1 295.1 613.2 

Q3
4 Qualifier product ion 157.1 336.1 130.1 324.1 157.1 234.1 

2
2
3
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4.3.8. Statistical Data Analysis 

Data processing for absolute quantification was conducted using Analyst® software, 

version 1.6.2. Raw data was further exported to Excel (Microsoft office 2013) for the calculation 

of metabolite concentrations in single point calibration mode (Equation 4.1). Raw data in relative 

quantification was processed based on Equation 4.2 and Equation 4.3. The final concentrations 

of all metabolites were further exported to SPSS program (version 24) to create figures.  

Equation 4.1.  𝐶𝑜𝑛𝑐. (𝑈𝑟𝑖𝑛𝑒) =
𝑃𝑒𝑎𝑘 𝐴𝑟𝑒𝑎 𝑅𝑎𝑡𝑖𝑜 (𝑈𝑟𝑖𝑛𝑒) × 𝐶𝑜𝑛𝑐.(𝐶𝑎𝑙𝑖𝑏𝑟𝑎𝑡𝑖𝑜𝑛 𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑)

𝑃𝑒𝑎𝑘 𝐴𝑟𝑒𝑎 𝑅𝑎𝑡𝑖𝑜 (𝐶𝑎𝑙𝑖𝑏𝑟𝑎𝑡𝑖𝑜𝑛 𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑)
 

Equation 4.2. 𝐶𝑜𝑛𝑐. (𝑃𝑜𝑜𝑙𝑒𝑑 𝑈𝑟𝑖𝑛𝑒) =
𝑃𝑒𝑎𝑘 𝐴𝑟𝑒𝑎 (𝑃𝑜𝑜𝑙𝑒𝑑 𝑈𝑟𝑖𝑛𝑒)×𝐶𝑜𝑛𝑐.(𝐶𝑎𝑙𝑖𝑏𝑟𝑎𝑡𝑖𝑜𝑛 𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑)

𝑃𝑒𝑎𝑘 𝐴𝑟𝑒𝑎 (𝐶𝑎𝑙𝑖𝑏𝑟𝑎𝑡𝑖𝑜𝑛 𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑)
 

Equation 4.3. 𝐶𝑜𝑛𝑐. ( 𝐼𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙 𝑈𝑟𝑖𝑛𝑒) =
𝑃𝑒𝑎𝑘 𝐴𝑟𝑒𝑎 ( 𝐼𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙 𝑈𝑟𝑖𝑛𝑒)×𝐶𝑜𝑛𝑐.(𝑃𝑜𝑜𝑙𝑒𝑑 𝑈𝑟𝑖𝑛𝑒)

𝑃𝑒𝑎𝑘 𝐴𝑟𝑒𝑎 (𝑃𝑜𝑜𝑙𝑒𝑑 𝑈𝑟𝑖𝑛𝑒)
 

4.4. Results and Discussion  

This work was designed to address four questions in a DIL-LC-MS/MS targeted 

metabolomics workflow used for biomarker qualification. First, if an analytical method has been 

fully validated using multipoint DIL-LC-MS/MS, could metabolites be quantified with similar 

accuracy and precision, using single point calibration? This would substantially reduce 

instrument time, the number of calibration standards and the QC samples to be prepared. Second, 

would the choice of the single calibrator point (low vs. high and/or proximity to analyte 

concentration in a sample) affect the accuracy? Third, if the DIL-LC-MS/MS method was used 

with relative quantification, would the knowledge of the dynamic range of the mass spectrometer 

along with the optimization of the derivatization reaction solely suffice for the acquisition of data 

with acceptable accuracy and precision? Finally, would the exclusion of individual urine samples 

from the pooled urine sample compromise the accuracy and precision of relative quantification? 
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This is particularly important when new participants are still being recruited during the biomarker 

validation process.  

4.4.1. Multipoint Calibration Method 

Table 4.1 summarizes the optimized MS parameters and the linearity ranges [37] of the 

selected metabolites. Figure 4.2 shows two representative calibration curves for ETNH2 and SER. 

All eight calibration points for all metabolites were within 15% of their respective nominal values, 

indicating acceptable calibration curves [14, 15] for quantification (data not shown). Table 4.2 

compiles the accuracy and precision of the LQC, MQC and HQC samples, obtained during 

participant samples analysis. As seen in Table 4.2, all QC samples were within 15% of their 

respective nominal values. In addition, their relative standard deviation (RSD%) was below 15%, 

indicating that the analytical runs met regulatory guidelines during clinical data acquisition [14, 

15]. Details on the validation process of the multipoint calibration method are beyond the scope 

of this article, however, readers are advised to refer to our previously published work [37]. 

Urine samples from seven individuals and a pooled urine sample from five participants 

were analyzed using our previously validated multipoint calibration DIL-LC-MS/MS method [37]. 

Table 4.3 summarizes the concentrations of the metabolites in these samples. Calculated RSD% 

demonstrates high precision of the measurements (below 15%), with the exception of SER in 

participant 5 in which RSD% was 15.9% (Table 4.3). The concentration of TRP in participant 3 

was above the ULOQ and was omitted from the calculations. Similarly, SAR in participant 1 was 

lower than the LLOQ and data from this participant for SAR was excluded Table 4.3. As expected, 

the selected metabolites with the exception of SAR and LYS vary greatly in their concentration 

among the participant samples as well as in their distribution within their calibration ranges 

(Figure 4.3). 
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 Figure 4.2. Representative calibration curves generated from the multipoint calibration method 

for the quantification of ETNH2 and SER. 
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Table 4.2. Inter-day accuracy and precision of QC samples of the multipoint calibration method during participant sample analysis 

 

1 lower quality control level 

2 middle quality control level 

3 high quality control level 

*n=4 

**ng/ml 

  
 LQC*1                                MQC*2 

 
                       HQC*3 

          

 Nominal** 
Mean**± 

SD 

RSD 

(%) 

Accuracy 

(%) 
Nominal** Mean** ±SD 

RSD 

(%) 

Accuracy 

(%) 
Nominal** Mean **± SD 

RSD 

(%) 

Accuracy 

(%) 

SAR 5 5.0±0.3 5.0 100.2 157 163.4±2.8 1.7 104.0 323 306.6±10.2 3.3 98.0 

VAL 10 10.2±0.4 3.8 102.0 313 324.3±4.4 1.3 103.5 625 617.5±26.6 4.3 98.9 

TRP 20 20.0±0.7 3.4 100.0 625 658.8±16.1 2.4 105.3 1250 1245±58.02 4.7 99.8 

SER 40 41.4±1.7 4.0 103.7 1250 1290.0±18.3 1.4 103.5 2500 2485±110.3 4.4 99.4 

ETNH2 40 40.8±1.4 3.5 102.0 1250 1297.5±17.1 1.3 103.8 1250 2455±71.88 2.9 98.2 

LYS 64 63.9±2.1 3.4 100.0 2000 2072.5±23.6 1.1 104.0 4000 4032.5±133.8 3.3 100.8 

2
2
7
 



 

228 
 

Table 4.3. Concentrations of metabolites in the analyzed urine samples using multipoint calibration 

   

 

Metabolite 

  

SAR VAL TRP SER ETNH2 LYS 

  Mean1 27.5 723.2 3882.7 14176.0 6720.0 1712.0 

Participant 1 SD 0.2 37.8 121.2 871.8 263.4 83.1 

 RSD% 0.7 5.2 3.1 6.1 3.9 4.9 

 Mean1 50.7 3637.3 13557.3 34933.3 26293.3 3674.7 

Participant 2 SD 1.8 193.6 571.6 3841.1 937.5 202.6 

 RSD% 3.5 5.3 4.2 11.0 3.6 5.5 

 Mean1 291.7 7056.0 30506.7 41386.7 32640.0 17760.0 

Participant 3 SD 4.7 399.7 805.3 2178.2 1270.0 1269.9 

 RSD% 1.6 5.7 2.6 5.3 3.9 7.2 

 Mean1 137.9 6080.0 20533.3 40160.0 41760.0 3114.7 

Participant 4 SD 0.9 296.3 184.8 3187.9 1049.2 345.2 

 RSD% 0.7 4.9 0.9 7.9 2.5 11.1 

 Mean1 48.4 3477.3 7429.3 26933.3 16586.7 3301.3 

Participant 5 SD 1.8 147.8 451.5 4294.2 756.1 309.6 

 RSD% 3.6 4.3 6.1 15.9 4.6 9.4 

 Mean1 70.5 3440.0 9888.0 18293.3 28800.0 3296.0 

Participant 6 SD 1.9 69.7 242.1 1854.4 576.9 194.0 

 RSD% 2.8 2.0 2.5 10.1 2.0 5.9 

 Mean1 97.8 3018.7 5776.0 26293.3 18773.3 5130.7 

Participant 7 SD 3.8 92.4 146.6 488.8 402.7 124.3 

 RSD% 3.9 3.1 2.5 1.9 2.1 2.42 

 Mean1 111.2 4261.3 15173.3 31146 25333.3 6277.3 

Pooled Urine  SD 6.3 197.5 456.6 2916.8 1512.3 470.4 

  RSD% 5.6 4.6 3.0 9.4 5.9 7.5 
1 ng/mL, n=3, Bolded values are either below lower limit of detection or above upper limit of quantification 

 

2
2
8
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Figure 4.3. Concentrations of the investigated metabolites in participants’ urine samples, data normalized to each metabolite’s ULOQ. 

Participants are abbreviated as P followed by their ID number, PU is pooled urine sample. 

2
2
9
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4.4.2. Single Point Calibration Method 

A. Results Using QC Samples 

Single point calibration was achieved by mathematical manipulation of the raw dataset 

obtained from the multipoint calibration method (Equation 4.1). Similar to multipoint calibration 

where QC samples are used for quality assessment, QC samples were also used to evaluate the 

performance of the eight individual calibration standards as single point calibrators (Table 4.4). 

The acceptance criteria established for bioanalytical method validation was adopted [14, 15], in 

which accuracy values within ±15% and RSD% below 15% are deemed acceptable. The 

performance of single point calibration was found inferior to that of the multipoint calibration for 

LYS, SER and ETNH2, in which three out of eight calibrators failed to demonstrate acceptable 

accuracy in at least one QC measurement (Table 4.4). Calibrator [33.3×] resulted in unacceptable 

accuracy (115.5% and 117.8%) at the LQC level for SER and ETNH2, respectively, whereas in 

LYS, calibrator [3.3×] resulted in 115.8% accuracy at the MQC level. These deviated results would 

have been anticipated if the nominal values for calibrators [33.3×] and [3.3×] were different than 

the calculated values provided by the regression model (Figure 4.2), which was not the case. On 

the other hand, the accuracy of calibrator [1×] (equivalent to LLOQ) was acceptable for all 

metabolites except for ETNH2, in which accuracies less than 85% were obtained for the MQC and 

HQC levels (Table 4.4). 

As for the methods’ precision, the criterion in all metabolites was met at all levels, and 

therefore was comparable to multipoint calibration from a validation standpoint (Table 4.4). 

However, one interesting observation is that the highest RSD% variation for the LQC and HQC in 

SAR, VAL, TRP, ETNH2 and LYS were mostly generated from calibrator [1×] (i.e., LLOQ). This 

information is valuable as it indicates higher chances for imprecision of this calibrator in single 
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point calibration (Table 4.4). Overall, the values generated from multipoint calibration were more 

accurate and precise that that generated from single point calibration (Table 4.2 and Table 4.4). 

B. Results Using Participants’ Samples 

The accuracy and precision of the participants’ data generated using single point calibration 

were evaluated. Metabolites were quantified using individual calibrators [1×] through [200×]. In 

addition, the three QC levels, [166.7×], [83.3×] and [2.7×], were also used for quantification, as 

any standard solution can serve as a calibrator for data acquisition in single-point calibration. 

Concentration of the metabolites generated from multipoint calibration were used as a benchmark 

and compared against those generated using single point calibration. With the exception of ETNH2, 

all calibrators resulted in acceptable accuracies, in which bias values were less than ±15% [14, 15] 

(Figure 4.4). VAL concentration in participant 3, generated from calibrator [33.3×], had the 

highest deviation from multipoint calibration (-14.8% bias) (Figure 4.4). The average bias values 

among all participants for SAR, VAL, TRP and LYS were the highest with calibrator [3.3×]. 

Contrary to expectation [39], we have found that the choice of calibrator that is in close proximity 

to the concentration of the analytes in urine samples did not result in the most accurate results for 

low concentration metabolites. 

Another concerning finding for accuracy using single point calibration were observed with 

ETNH2. First, calibrator [1×, i.e., LLOQ] resulted in unacceptable accuracy values among the 

majority of the samples, with an average bias of -18.3% (Figure 4.4). This can be explained by 

the fact that the LLOQ is usually the calibration point in which validation criteria [14, 15] allows 

for wider accuracy acceptance limit (±20% instead of ±15%). The second observation is that seven 

out of the ten calibrators (excluding [1×]) failed to demonstrate acceptable accuracy in ETNH2 

measurements in pooled urine, where a maximum bias of -21.3% was observed with calibrator 
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[2.7×] (Figure 4.4). We could not draw an explanation for this observation. In fact, the inadequate 

performance of most calibrators in measuring ETNH2 had a direct impact on the conclusion of 

accuracy for single point calibration. As such, we cannot exclude the probability that other 

metabolites [37], not investigated within this study, might not be correctly quantified when single 

point calibration is used. Therefore, it is extremely important to investigate the performance of 

each metabolite, individually, using various calibrators prior to the consideration of single point 

calibration for regular data acquisition. 

We then looked at the precision of single point calibration, and found it inferior to 

multipoint calibration for ETNH2, LYS and SER (Figure 4.5). Calibrator [1×] resulted in 

marginally unacceptable RSD% of 15.9% and 15.3% for ETNH2 and LYS, respectively. This was 

not unexpected from this LLOQ calibrator, where  higher RSD% values (<20%) are acceptable by 

the regulatory agencies during method validation of multipoint calibration [14, 15]. In addition to 

ETNH2 and LYS, the highest RSD% values (still less than 15%) were observed with calibrator 

[1×] in TRP and SAR (Figure 4.5). Again, the relative inferior precision of this calibrator is 

important for LYS and SAR, in which a calibration point close to the analyte in real samples might 

not be the optimum point for precise data generation. Regardless of the calibrator used, the RSD% 

values in SER were similar per participant (Figure 4.5). Moreover, most calibrators resulted in 

unacceptable precision of SER measurements in participants 2 and 5 (RSD%: 15.2%-17.1%). In 

general, while the eleven calibrators resulted in acceptable precision in the majority of the 

metabolites in the analyzed samples, the RSD% values were relatively higher in single point 

calibration in comparison with multipoint calibration (Figure 4.5). 
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Table 4.4. Inter-day accuracy and precision using single point calibration  

1n = 4, Bolded values indicate accuracy measurements out of the acceptable range ± 15%, and 

italic and underlined values indicate the highest RSD% values among calibrators

   Calibrator 
Metabolite QC level1  [200×] [133.3×] [75×] [66.7×] [33.3×] [10×] [3.3×] [1×] 

 LQC % Accuracy 101.6 96.3 96.8 97.8 109.7 98.3 109.2 98.2 

  RSD% 3.1 5.8 4.1 3.5 5.8 5.4 2.5 7.6 

SAR MQC % Accuracy 105.1 99.6 100.1 101.2 113.4 101.6 113.0 101.5 

  RSD% 1.8 2.8 1.7 1.7 2.8 2.5 4.8 4.5 

 HQC % Accuracy 98.8 93.7 94.1 95.2 106.7 95.6 106.2 95.5 

  RSD% 2.6 5.4 3.7 3.0 5.5 5.1 2.1 7.4 

 LQC % Accuracy 105.1 99.2 98.1 101.0 111.1 100.3 113.0 97.9 

  RSD% 2.4 5.5 3.8 2.6 4.8 3.7 5.1 6.1 

VAL MQC % Accuracy 105.2 99.3 98.1 101.1 111.2 100.4 113.2 98.0 

  RSD% 1.2 4.0 2.3 1.2 3.3 2.2 6.2 4.6 

 HQC % Accuracy 100.1 94.5 93.4 96.1 105.8 95.5 107.6 93.2 

  RSD% 3.7 6.7 5.1 3.9 6.1 5.0 4.6 7.3 

 LQC % Accuracy 108.3 102.7 103.1 104.2 115.5 103.9 111.2 96.6 

  RSD% 3.6 3.9 3.9 4.0 4.5 4.2 5.0 4.3 

SER MQC % Accuracy 104.1 98.7 99.2 100.2 111.1 99.9 107.0 92.9 

  RSD% 1.1 1.5 1.5 1.7 2.5 2.0 4.2 2.1 

 HQC % Accuracy 100.4 95.2 95.6 96.6 107.1 96.3 103.0 89.6 

  RSD% 4.0 4.9 4.8 5.1 6.0 5.5 2.4 5.6 

 LQC % Accuracy 102.3 94.9 96.6 97.6 109.2 98.9 109.4 97.3 

  RSD% 2.8 3.3 3.0 3.0 3.1 3.2 5.0 5.6 

TRP MQC % Accuracy 106.7 98.9 100.7 101.8 113.8 103.0 114.1 101.4 

  RSD% 2.6 1.7 2.0 3.4 1.8 1.7 6.3 3.3 

 HQC % Accuracy 100.8 93.6 95.2 96.1 107.6 97.4 107.7 96.0 

  RSD% 4.7 6.2 5.4 3.9 5.8 6.1 2.2 9.2 

 LQC % Accuracy 111.5 106.5 106.0 105.7 117.8 103.8 111.9 90.1 

  RSD% 3.0 2.0 2.2 2.9 2.0 2.5 3.2 9.3 

ETNH2 MQC % Accuracy 105.0 100.3 99.8 99.6 111.0 97.8 105.4 84.9 

  RSD% 1.8 1.5 2.3 1.6 1.4 1.3 2.0 10.1 

 HQC % Accuracy 99.3 94.9 94.5 94.2 105.0 92.5 99.7 80.5 

  RSD% 2.4 4.4 5.5 2.6 4.4 3.1 2.2 13.3 

 LQC % Accuracy 98.0 96.0 94.3 96.3 108.1 97.7 110.6 99.6 

  RSD% 1.9 4.3 2.1 1.9 4.3 4.7 4.3 6.5 

LYS MQC % Accuracy 102.6 100.5 98.7 100.8 113.2 102.2 115.8 104.2 

  RSD% 2.7 2.0 0.9 1.4 2.1 2.5 5.9 4.3 

 HQC % Accuracy 99.7 97.7 96.0 98.0 110.1 99.4 112.5 101.5 

  RSD% 2.6 5.9 3.7 3.3 6.0 6.3 3.4 8.1 
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Figure 4.4. Box and whisker plots of inter-day bias of metabolites measurements as obtained with 

single point calibration. Bias is defined as % deviation from multipoint calibration calculated using 

each calibration solution (1×-200×) and QC sample (3 levels) as single point calibrators, Equation 

4.1, Y- axis represent the absolute bias values calculated using eight urine samples each processed 

in triplicates, the upper and lower whiskers represent higher and lower bias values, respectively. 

The box represents the interquartile range and the median is expressed through the vertical line 

within the box. Participants are represented by “P”, PU is pooled urine.   
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Figure 4.5. Box and whisker plots of metabolites measurements inter-day precision as obtained with 

multipoint calibration (using regression equation, Table 4.1) and single point calibration (using each 

calibration solution [1×] to [200×] and QC solutions (3 levels) as calibrators, Equation 4.1. Y-axis 

represent the RSD% ranges obtained from eight urine samples each processed in triplicates; the upper 

and lower whiskers represent higher and lower RSD% ranges, respectively. The box represents the 

interquartile range of RSD% values and the median is expressed through the vertical line within the 

box. Participants are represented by “P”, while “PU” stands for pooled urine.  
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4.4.3. Relative Quantification 

We tailored our validated LC-MS/MS method [37] to quantify metabolites in a relative 

mode using Equation 4.2 and Equation 4.3 [27] (Figure 4.1B), rather than the use of 13C2-isotopic 

form as an internal standard (Figure 4.1B). We hypothesized that the proximity of metabolite 

concentrations in pooled urine sample to that of the spiked 12C2-DNS-analytes could also influence 

the accuracy and precision of the measurements. 13C2-DNS-pooled urine was first quantified 

against 12C2-DNS-analytes solution. The solutions were mixed at equal volumes however, the 

concentration of the standard solution was varied to produce high, medium and low calibrators: 

[133.3×], [83.3×] and [2.7×]. Following the quantification of metabolites, pooled urine aliquots 

were then separately mixed with equal volumes of 12C2-derivatized individual urine samples 

(Figure 4.1B). 

We were also concerned that the exclusion of individual urine samples from the pooled 

urine sample might compromise the accuracy and precision of relative quantification. This is 

particularly important when new participants are still being recruited during the biomarker 

validation process. In fact, the inability to pool all samples prior to analysis, for instance due to 

different times and locations of analysis, has been proposed as a potential impediment to the use 

of pooled control urine in large scale metabolomics [40]. As such, we created a sample pooled 

from five participants and left two out for later individual comparison. The pooled urine was then 

used to quantify all individual urine samples, including the excluded samples.  

Relative quantification was precise but showed inaccuracies in measurements more than 

single point calibration (Figure 4.6). Except for VAL and ETNH2, all metabolites had at least one 

calibrator with inaccurate data (greater than ±15% deviation from multipoint calibration). 

Calibrators [133.3×] and [83.3×] failed to produce accurate quantitative data (i.e., within ± 15%) 
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for SAR, SER, LYS, and TRP in at least two out of eight samples. On the other hand, the lowest 

calibrator, i.e., [2.7×] was the only standard producing accurate measurements for LYS, SAR and 

TRP in all urine samples (Figure 4.6). While this observation can be justified by the low 

concentration of LYS and SAR in individual and pooled urine, an extrapolation to TRP, a widely 

distributed metabolite among patients and its linearity range (Figure 4.3), was not applicable. 

Finally, none of the tested calibrators produced accurate results in SER measurements in six out 

of eight samples (Figure 4.6). 

In contrast to accuracy, precision of relative quantification was comparable to that of 

multipoint calibration. As shown in the error bars of Figure 4.6, all measurements were deemed 

precise with a RSD% of less than 15%. An exception was observed with calibrators [2.7×] and 

[133.3×] that resulted in high RSD % (18.3% and 16%) in participants 7 and 2, respectively during 

SER quantification. Interestingly, unlike single point calibration, participant 7 consistently 

demonstrated the highest RSD% in all metabolites and with all calibrators. This observation could 

be attributed to the exclusion of this participant from the pooled urine sample. Therefore, the 

pooled matrix might not reflect the real matrix effect experienced within this participant. However, 

since this observation was not consistent with participant 6, who was also excluded, random error 

could also justify the higher dispersion of RSD%. The limited number of excluded participant 

samples hinders the decisive conclusion on such observation. 
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Figure 4.6. Accuracy and precision of relative quantificaiton, bar hight respresent method 

accuracy, in comparison to multipoint calibration, errror bars represent RSD%, n=3 
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4.5. Conclusion 

Our comparison of single point calibration and relative quantification to a multipoint 

validated DIL-LC-MS/MS method demonstrated shortcomings. We initially hypothesized that 

single point calibration would serve as an excellent substitute to multipoint calibration in the 

selected analytes and would not necessitate further testing of other metabolites [37]. Unfortunately, 

this hypothesis was not correct due to inconsistent performance across all investigated metabolites. 

Therefore, we recommend that if single point calibration is to be used for clinical data acquisition, 

it requires assessment on case-by-case basis. This would require investigation of the quality of the 

data for each metabolite using larger cohorts of samples. In addition, the results herein cannot be 

extrapolated to the same metabolites when a different derivatizing reagent or matrix is employed.  

The calibration mode had more influence on the accuracy of the data than its precision. 

Surprisingly, we did not find the accuracy of single point calibration to be dependent on the 

closeness of the analyte concentration to that in the sample. Further, the inaccuracy with ETNH2 

emphasizes that results from one calibrator might not be applicable to other metabolites beyond 

this study. In general, we recommend against the use of the LLOQ, even if the metabolite of 

interest lies within the lower range of the linear curve. In addition, unless established via 

experimentation that a specific calibrator is inaccurate and/or imprecise, any calibrator could 

theoretically serve as an adequate single point calibration standard for quantification, regardless 

of its concentration proximity to the metabolite of interest.  

In regard to relative quantification, this method was less accurate in comparison to single 

point calibration. However, it has value in preliminary semi-quantitative analysis (e.g., screening 

metabolites for possible biomarker targets), which then would require validation. One possible 

explanation is the dependence of the results on the values obtained from pooled urine. Errors within 
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the pooled urine metabolite quantification are further augmented in individual samples. Therefore, 

the quantification of the metabolite in the pooled urine sample represents the most critical step, 

upon which the accuracy of the rest of the analyses are dependant. For instance, in SAR, LYS, 

VAL and TRP, the calibrator that resulted in the most accurate quantification values in pooled 

urine was also associated with the highest accuracy in participant samples. Using the absolute peak 

areas can also be another potential source of error, where the matrix in which the pooled urine 

sample is quantified, is different from that of the individual urine samples. Exclusion of samples 

from the pooled matrix can also be a potential source of lower quality data [40]. 

Finally, this study was biased towards metabolites whose concentrations were already 

known to typically fall within the constructed calibration curve. While an inconsistent difference 

in the investigated quantification methods was demonstrated, such difference is expected to be 

further amplified in situations with highly concentrated metabolites that typically require dilution 

(e.g., histidine, alanine and glycine) [37]. The same would apply to metabolites that frequently fall 

below their LLOQ (e.g., 1-methylhistamine) [37]. While a general conclusion on relative 

quantification or single point calibration cannot be made, based on our study findings, we advise 

the analytical community to pursue precautions when dansylation is employed for targeted urine 

metabolomics purposes. 

Acknowledgment 

The authors acknowledge the valuable comments and discussions with Dr. Randy Purves, 

University of Saskatchewan, concerning the project.  

 

 



 

241 
 

Funding Information 

Ms. Khamis thanks the College of Pharmacy and Nutrition for scholarship funding. Funding for 

the project was provided by the Natural Sciences and Engineering Research Council of Canada 

(NSERC) discovery grant and the QTRAP 6500 instrument was purchased through a Western 

Diversification Grant from the Western Economic Diversification Canada.  

Conflict of interest 

The authors declare no conflict of interest. 

  



 

242 
 

4.6. References 

1. Zhang A, Sun H, Wu X, Wang X. Urine metabolomics. Clinica chimica acta. 2012;414:65-

9. 

2. Dunn WB, Broadhurst DI, Atherton HJ, Goodacre R, Griffin JL. Systems level studies of 

mammalian metabolomes: the roles of mass spectrometry and nuclear magnetic resonance 

spectroscopy. Chemical society reviews. 2011;40:387-426. 

3. Dunn WB, Ellis DI. Metabolomics: current analytical platforms and methodologies. TrAC 

trends in analytical chemistry. 2005;24:285-94. 

4. Mamas M, Dunn WB, Neyses L, Goodacre R. The role of metabolites and metabolomics 

in clinically applicable biomarkers of disease. Archives of toxicology. 2011;85:5-17. 

5. Mikami T, Aoki M, Kimura T. The application of mass spectrometry to proteomics and 

metabolomics in biomarker discovery and drug development. Current molecular 

pharmacology. 2012;5:301-16. 

6. Xiao JF, Zhou B, Ressom HW. Metabolite identification and quantitation in LC-MS/MS-

based metabolomics. TrAC trends in analytical chemistry. 2012;32:1-14. 

7. Gika HG, Theodoridis GA, Plumb RS, Wilson ID. Current practice of liquid 

chromatography–mass spectrometry in metabolomics and metabonomics. Journal of 

pharmaceutical and biomedical analysis. 2014;87:12-25. 

8. Roberts LD, Souza AL, Gerszten RE, Clish CB. Targeted metabolomics. Current protocols 

in molecular biology. 2012:30.2. 1-.2. 24. 

9. Lee JW, Weiner RS, Sailstad JM, Bowsher RR, Knuth DW, O’Brien PJ, et al. Method 

validation and measurement of biomarkers in nonclinical and clinical samples in drug 

development: a conference report. Pharmaceutical research. 2005;22:499-511. 

10. Lee JW, Smith WC, Nordblom GD, Bowsher RR, Bloom J, Dean R. Validation of assays 

for the bioanalysis of novel biomarkers: Practical recommendations for clinical 

investigation of new drug entities. Drugs and the pharmaceutical Sciences. 2003;132:119-

48. 

11. Lee JW, Devanarayan V, Barrett YC, Weiner R, Allinson J, Fountain S, et al. Fit-for-

purpose method development and validation for successful biomarker measurement. 

Pharmaceutical research. 2006;23:312-28. 



 

243 
 

12. Timmerman P, Anders Kall M, Gordon B, Laakso S, Freisleben A, Hucker R. Best 

practices in a tiered approach to metabolite quantification: views and recommendations of 

the European Bioanalysis Forum. Bioanalysis. 2010;2:1185-94. 

13. Beger RD, Colatsky T. Metabolomics data and the biomarker qualification process. 

Metabolomics. 2012;8:2-7. 

14. US-FDA. Food and Drug Administration, FDA guidance for industry: bioanalytical 

method validation. US Department of Health and Human Services, Food and Drug 

Administration, Center for Drug Evaluation and Research: Rockville, MD. 2001. 

15. EMA. European Medicines Agency, Committee for Medicinal Products for Human Use 

(CHMP). Guideline on Bioanalytical Method Validation. 2011. 

16. Cuadros-Rodrı́guez L, Gámiz-Gracia L, Almansa-López EM, Bosque-Sendra JM. 

Calibration in chemical measurement processes. II. A methodological approach. TrAC 

Trends in analytical chemistry. 2001;20:620-36. 

17. Cardone MJ, Palermo PJ, Sybrandt LB. Potential error in single-point-ratio calculations 

based on linear calibration curves with a significant intercept. Analytical chemistry. 

1980;52:1187-91. 

18. Schymanski EL, Singer HP, Longrée P, Loos M, Ruff M, Stravs MA, et al. Strategies to 

characterize polar organic contamination in wastewater: exploring the capability of high 

resolution mass spectrometry. Environmental science & technology. 2014;48:1811-8. 

19. Peters FT, Maurer HH. Systematic comparison of bias and precision data obtained with 

multiple-point and one-point calibration in six validated multianalyte assays for 

quantification of drugs in human plasma. Analytical chemistry. 2007;79:4967-76. 

20. Liu RH, McKeehan AM, Edwards C, Foster G, Bensley W, Langner J, et al. Improved gas 

chromatography/mass spectrometry analysis of barbiturates in urine using centrifuge-based 

solid-phase extraction, methylation, with d 5-pentobarbital as internal standard. Journal of 

forensic science. 1994;39:1504-14. 

21. Wang S, Magill JE, Vicente FB. A fast and simple high-performance liquid 

chromatography/mass spectrometry method for simultaneous measurement of whole blood 

tacrolimus and sirolimus. Archives of pathology & laboratory medicine. 2005;129:661-5. 



 

244 
 

22. Speed D, Dickson S, Cairns E, Kim N. Analysis of paracetamol using solid-phase 

extraction, deuterated internal standards, and gas chromatography-mass spectrometry. 

Journal of analytical toxicology. 2001;25:198-202. 

23. Bjørk MK, Nielsen MK, Markussen LØ, Klinke HB, Linnet K. Determination of 19 drugs 

of abuse and metabolites in whole blood by high-performance liquid chromatography–

tandem mass spectrometry. Analytical and bioanalytical chemistry. 2010;396:2393-401. 

24. Leito S, Mölder K, Künnapas A, Herodes K, Leito I. Uncertainty in liquid chromatographic 

analysis of pharmaceutical product: Influence of various uncertainty sources. Journal of 

chromatography A. 2006;1121:55-63. 

25. Kimura M, Rodriguez-Amaya DB. A scheme for obtaining standards and HPLC 

quantification of leafy vegetable carotenoids. Food chemistry. 2002;78:389-98. 

26. Xu F, Zou L, Liu Y, Zhang Z, Ong CN. Enhancement of the capabilities of liquid 

chromatography–mass spectrometry with derivatization: general principles and 

applications. Mass spectrometry reviews. 2011;30:1143-72. 

27. Guo K, Li L. Differential 12C-/13C-isotope dansylation labeling and fast liquid 

chromatography/mass spectrometry for absolute and relative quantification of the 

metabolome. Analytical chemistry. 2009;81:3919-32. 

28. Stanislaus A, Guo K, Li L. Development of an isotope labeling ultra-high performance 

liquid chromatography mass spectrometric method for quantification of acylglycines in 

human urine. Analytica chimica acta. 2012;750:161-72. 

29. Zhao S, Luo X, Li L. Chemical Isotope Labeling LC-MS for High Coverage and 

Quantitative Profiling of the Hydroxyl Submetabolome in Metabolomics. Analytical 

chemistry. 2016;88(21):10617-10623. 

30. Peng J, Li L. Liquid–liquid extraction combined with differential isotope 

dimethylaminophenacyl labeling for improved metabolomic profiling of organic acids. 

Analytica chimica acta. 2013;803:97-105. 

31. Zhao S, Dawe M, Guo K, Li L. Development of High-Performance Chemical Isotope 

Labeling LC-MS for Profiling the Carbonyl Submetabolome. Analytical chemistry. 

2017;89(12);6758-6765. 



 

245 
 

32. Liu P, Huang Y-Q, Cai W-J, Yuan B-F, Feng Y-Q. Profiling of thiol-containing 

compounds by stable isotope labeling double precursor ion scan mass spectrometry. 

Analytical chemistry. 2014;86:9765-73. 

33. Zhou R, Guo K, Li L. 5-Diethylamino-naphthalene-1-sulfonyl Chloride (DensCl): A novel 

triplex isotope labeling reagent for quantitative metabolome analysis by liquid 

chromatography mass spectrometry. Analytical chemistry. 2013;85:11532-9. 

34. Guo K, Ji C, Li L. Stable-isotope dimethylation labeling combined with LC-ESI MS for 

quantification of amine-containing metabolites in biological samples. Analytical 

chemistry. 2007;79:8631-8. 

35. Han J, Lin K, Sequeira C, Borchers CH. An isotope-labeled chemical derivatization 

method for the quantitation of short-chain fatty acids in human feces by liquid 

chromatography–tandem mass spectrometry. Analytica chimica acta. 2015;854:86-94. 

36. Leng J, Wang H, Zhang L, Zhang J, Wang H, Guo Y. A highly sensitive isotope-coded 

derivatization method and its application for the mass spectrometric analysis of analytes 

containing the carboxyl group. Analytica chimica acta. 2013;758:114-21. 

37. Khamis MM, Adamko DJ, El-Aneed A. Development of a validated LC-MS/MS method 

for the quantification of 19 endogenous asthma/COPD potential urinary biomarkers. 

Analytica chimica acta. 2017;989:45-58. 

38. Briscoe CJ, Stiles MR, Hage DS. System suitability in bioanalytical LC/MS/MS. Journal 

of pharmaceutical and biomedical analysis. 2007;44:484-91. 

39. Preu M, Petz M. Isotope dilution GC-MS of benzylpenicillin residues in bovine muscle. 

Analyst. 1998;123:2785-8. 

40. Peng J, Chen Y-T, Chen C-L, Li L. Development of a universal metabolome-standard 

method for long-term LC–MS metabolome profiling and its application for bladder cancer 

urine-metabolite-biomarker discovery. Analytical chemistry. 2014;86:6540-7. 

 

 

 

 



 

246 
 

 

CHAPTER 5: Comparative Analysis of Creatinine and Osmolality as Urine 

Normalization Strategies in Targeted Metabolomics for the Differential 

Diagnosis of Asthma and COPD 

This chapter has been published as a research article; 

Comparative analysis of creatinine and osmolality as urine normalization 

strategies in targeted metabolomics for the differential diagnosis of asthma 

and COPD 

Mona M. Khamis1, Teagan Holt1, Hanan Awad2, Anas El-Aneed1 and Darryl J. Adamko3* 

Metabolomics, 14 (2018) 9, 115  

1 College of Pharmacy and Nutrition, University of Saskatchewan, Saskatoon, Canada,  

2 Calgary Laboratory Services, Alberta Health Services, Calgary, Alberta, Canada,  

3Department of Pediatrics, College of Medicine, University of Saskatchewan, Saskatoon, Canada 

 

* Corresponding author  

 

Authors’ contribution: Mona Hamada contributed to the experimental design, analyzed the data 

and drafted the manuscript. Ms. Holt conducted the experimental work and helped with data 

analysis. Ms. Awad analyzed a subset of patients’ samples. Drs. Adamko and El-Aneed 

conceptualized the research question, supervised the work and revised the manuscript. 



 

247 
 

Transitioning rationale:  

In the previous chapter (Chapter 4), we demonstrated the need for multipoint calibration 

during the quantification of selected candidate metabolites using differential isotope labeling in 

order to generate robust clinical data. In this chapter, i.e., Chapter 5, the influence of the 

normalization strategy on the partial least square discriminant analysis of the metabolomics data 

is investigated. In particular, we investigate if creatinine or osmolality normalization can alter the 

metabolites identified as significant for group separation. In addition, the relationship between 

creatinine and osmolality in patient urine samples is investigated and compared to current 

literature. 

 

5.1. Abstract 

Introduction: Urine is an ideal matrix for metabolomics investigation due to its non-

invasive nature of collection and its rich metabolite content. Despite the advancements in mass 

spectrometry and 1H-NMR platforms in urine metabolomics, the statistical analysis of the 

generated data is challenged with the need to adjust for the hydration status of the person. 

Normalization to creatinine or osmolality values are the most adopted strategies, however, each 

technique has its challenges that can hinder its wider application. We have been developing 

targeted urine metabolomics methods to differentiate two important respiratory diseases, namely 

asthma and chronic obstructive pulmonary disease (COPD). 

Objective: To assess whether the statistical model of separation of diseases using targeted 

metabolomics data would be improved by normalization to osmolality instead of creatinine. 
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Methods: The concentrations of 32 metabolites were previously measured by two liquid 

chromatography-tandem mass spectrometry methods in 51 human urine samples with either 

asthma (n=25) or COPD (n=26). The data was normalized to creatinine or osmolality. Statistical 

analysis of the normalized values in each disease was performed using partial least square 

discriminant analysis (PLS-DA). Models of separation of diseases were compared.  

Results: We found that normalization to osmolality or creatinine did not significantly 

change the PLS-DA models of separation (R2, Q2=0.919, 0.705 vs R2, Q2 =0.929, 0.671). The 

metabolites of importance in the models remained similar for both normalization methods.  

Conclusion: Our findings suggest that targeted urine metabolomics data can be normalized 

for hydration using creatinine or osmolality with no significant impact on the diagnostic accuracy 

of the model.   

Key words: 

Urine normalization; Metabolomics; PLS-DA; Creatinine; Osmolality; Targeted 

5.2. Introduction 

Asthma and chronic obstructive pulmonary disease (COPD) are two chronic inflammatory 

conditions of the lungs. Despite their underlying pathological differences, their clinical 

presentations sometimes overlap [1-3]. With the absence of sensitive clinical tests that can be 

routinely applied in typical outpatient clinics, doctors have been mostly relying on patient history 

and trials of therapy. This practice results in misdiagnosis, compromised quality of life and 

drainage of health resources [1-3].    
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Metabolomics represents a potential area for improved asthma and COPD diagnosis [4]. In 

fact, the integration of more than one “omics” platform, as pursued in the U-BIOPRED study [5] 

can potentially allow the identification of biomarkers that combine the clinical, physiological and 

pathological aspects of different respiratory diseases. Among the various biological samples, urine 

is appealing for metabolomics investigation. It does not demand extensive sample preparation 

steps with its lower protein content, and it is collected non-invasively in large volumes [4, 6]. Urine 

has been widely used in studying cancer [7, 8], hepatobiliary diseases [9], psychiatric disorders 

[10] and respiratory illnesses [11-14]. Using 1H-NMR, Adamko et al. [13] found that the urinary 

metabolomic profile of asthma patients is different from that of COPD patients. This difference 

was attributed to a set of metabolites identified through partial least square discriminate analysis 

(PLS-DA). PLS-DA is a supervised multivariate statistical tool widely used in metabolomics [15]. 

It shows the relationship between multiple predictor variables (metabolite values) and dependent 

categorical variables (disease classes of participants) [15, 16]. If a statistically significant 

discrimination model can be found between classes, PLS-DA then uses the model parameters to 

predict subjects of unknown origin, given their metabolomics data [15, 16]. 

One important challenge in urine metabolomic analysis is the variation in urine volume, 

which inversely affects metabolite concentration [17, 18]. Urine volume can vary greatly 

depending on water intake, diet and excretion (e.g., sweating). As a result, values of metabolite 

concentration without normalization is not reflective of the underlying phenotype being 

investigated [19]. Accordingly, prior to statistical comparison between participant groups, it is 

necessary to normalize the data to a common denominator to account for the hydration state of the 

individual [17, 20].  
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Creatinine (CRNN) has been widely used for normalization since its glomerular filtration 

is relatively constant under normal conditions [17, 18, 20, 21]. However, there have been concerns 

with its validity since its excretion can vary with age, gender, race and muscle mass difference [17, 

21]. Osmolality (OSM) values can be also used for normalizing urine data. It is affected by the 

total number of solute particles in urine and can be used to reflect urine concentration [6, 18, 22]. 

Unlike CRNN, OSM is not affected by age, gender, stress or diet [18, 20, 22]. The widespread use 

of OSM is hindered by the absence of the necessary equipment in typical laboratories [18, 23]. In 

addition, insoluble particles and sample heterogeneity can affect the accuracy of the measurements 

[18, 22]. While CRNN and OSM are the most widely accepted normalization strategies [22], other 

strategies have been proposed, such as dansylation, MS total useful signal (MSTUS) [18, 24] and 

normalization to absorbance as described by Balgoma et al. [25] . Each technique has its own 

limitations, as such, there is no universally accepted procedure for urine volume normalization. 

Moreover, comparative studies between all methods of normalization are not available [6, 19].  

 

Comparison of normalization techniques using OSM and CRNN was reported in 

untargeted urine metabolomics platforms [19, 20, 26, 27] or with the use of unsupervised 

multivariate statistical analysis such principle component analysis (PCA) [20, 22, 26]. In the scarce 

studies using targeted analysis, only few metabolites were investigated (less than 5) [28, 29]. In 

general, results within available literature are conflicting, and sometimes confounded with the 

recruitment of patients with established kidney dysfunction. Khamis et al. and Awad et al. [30, 31] 

have developed liquid chromatography (LC)- tandem mass spectrometric (MS/MS) methods for 

the absolute quantification of 32 potential urine biomarkers previously identified by 1H-NMR [13]. 

Accordingly, they are classified as level 1 metabolites according to the chemical analysis working 

group within the metabolomics standards initiative (MSI) [32]. Their endogenous presence in urine 
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has been described in the human metabolome database (HMDB) [33]. Using LC-MS/MS, 

differential isotope labeling was used to provide accurate absolute quantitative data along with the 

use of fully validated methods as per regulatory agencies guidelines [30, 31, 34, 35]. PLS-DA was 

used for the differentiation of diseases based on post-acquisition CRNN normalized metabolite 

values quantified by LC-MS/MS [30, 31]. Despite being mostly directed towards untargeted 

metabolomic analysis, the recommendations within the MSI were followed [36, 37], when 

applicable, with regards to detailed description of sample handling, LC-MS/MS analysis, data 

processing, instrument performance and method validation [30, 31]. 

In this work, we hypothesized that the PLS-DA statistical model generated from CRNN- 

normalized data will be different that that generated using OSM- normalized metabolomics 

dataset. We speculate that the outcome of data analysis will be affected depending on the 

normalization strategy. Accordingly, we used metabolomics data from asthma and COPD patient 

urine samples analyzed using established methodologies [30, 31] to compare the accuracy of 

CRNN- and OSM- post acquisition normalized models. In addition, since the ultimate goal is to 

identify a smaller subset of biomarker metabolites, we investigated the effect of urine 

normalization on the biomarkers statistically identified as significant for group separation. This 

work represents the first comparison between CRNN- and OSM- post acquisition normalization 

strategies using a larger set of targeted metabolites (32 in total) that are quantified using differential 

isotope labeling-LC-MS/MS platforms.  
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5.3. Experimental  

5.3.1. Patients Characteristics and Sample Collection 

Fifty-one mid-stream urine samples were collected from patients after obtaining their 

informed written consent. Ethics board approvals were obtained as previously described (BIO#13-

89 and RES0002419)  [13, 30]. Subjects had a previous physician-based diagnosis of asthma or 

COPD (Table 5.1). 

5.3.2. Creatinine and Osmolality Measurement 

Urinary CRNN concentration was determined using QuantiChrom™ CRNN assay kit (QC, 

CA) [22, 38]. The colored complex formed with picric acid in alkaline medium (Jaffe’s reaction) 

was detected at 510 nm using BioTek Synergy™ HT Multi-Mode Microplate Reader (VT, USA). 

For OSM, aliquots of urine samples were vortexed for 10 sec and aliquots of 200 µL were 

transferred into new sample tubes. The OSM was measured using a freezing point depression 

osmometer (Model 3250, Advanced Instruments, MA, USA).  

5.3.3. Statistical Analysis 

The concentrations of 32 metabolites were previously measured using two LC-MS-MS 

methods [30, 31]. Patients’ data was normalized (post acquisition) by dividing metabolite 

concentration (g/L) by CRNN (g/L) or OSM (Osm/Kg) values. Data was then exported to 

SIMCA® software (SIMCA-P 11, Umetrics, Sweden) for PLS-DA. Two statistical models of 

separation were created (32 metabolites/sample). Each model is represented by an R2 value 

(multiple correlation coefficient), which explains the data variation, and by a Q2 value (cross 

validated R2), which predicts the data variation [16]. In the CRNN model, 10 asthma and 10 COPD 

patients from CRNN-normalized metabolite values were used as a training set, while the remaining 
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CRNN-normalized patients’ data was withheld from modeling in order to be run blindly for 

diagnostic accuracy. In the OSM statistical model, the OSM-normalized dataset of the same 10 

asthma and 10 COPD patients was used as a training test. Likewise, the remaining OSM-

normalized patient’s samples were withheld as a test set for accuracy assessment. Metabolites with 

consistently greater differences in concentration between asthma and COPD groups are displayed 

as a Variables of Importance Plot (VIP). The difference in each metabolite for each group of 

patients is shown as a Coefficient of Variation (CoV) plot. PLS-DA generates prediction scores 

based on the separation of data between subject groups. GraphPad Prism software (version 6, 

GraphPad Software, San Diego), was used for the generation of prediction score plots. 

 

 Table 5.1. Patients’ characteristics 

 

 

 

 

 

 

 

 

 

 Asthma group COPD group 

Number of participants 25 26 

Females 14 13 

Age ± SD 54.1±10.9 60.8±9.3 
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5.4. Results and Discussion  

CRNN and OSM values were measured in urine samples of 25 asthma and 26 COPD 

patients. Values of CRNN and OSM were not statistically different between asthma and COPD 

subjects (CRNN p=0.77 or OSM p=0.11, Figure 5.1). The correlation of OSM and CRNN in each 

patient was also compared. There was a strong correlation between OSM and CRNN values 

(Spearman rank correlation coefficients [39] of 0.9006 and 0.8976 (p<0.001) in asthma and COPD 

patients, respectively) (Figure 5.2). This agrees with the literature, in which the relationship 

between CRNN and OSM is proportional to kidney functions [19, 28].   

 

 

Figure 5.1. Box and whisker plot of CRNN (left) and OSM (right) values in 25 asthma and 26 

COPD patients. No significant difference was observed between patient groups in which Student’s 

t= 0.29, p=0.77 was obtained for CRNN and Student’s t= 1.65, p=0.11 was obtained for OSM 

between asthma and COPD patient groups, (t critical=2.01). 
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Figure 5.2. Correlation between OSM and CRNN in asthma, n=25 (top) and COPD, n=26 

(bottom) patients. Spearman rank correlation coefficient of 0.9006 and 0.8976 was obtained for 

asthma and COPD patients, respectively.  
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PLS-DA was performed using 32 metabolites normalized to CRNN or OSM in the asthma 

and COPD subjects and the prediction score plots were generated (Figure 5.3). The CRNN based 

PLS-DA model could separate asthma from COPD subjects with an R2Y value of 0.919 and a Q2 

value of 0.705. The same subjects from the OSM-normalized dataset were then used for the 

generation of the OSM model, which had an R2Y value of 0.929 and a Q2 value of 0.671. As seen 

from the generated data, the R2 values, which indicate how well the models explain the dataset [15, 

16], are similar between the CRNN and OSM models. These findings showed insignificant impact 

of the normalization approach on the statistical quality of the PLS-DA generated models. 

Similarly, Q2 values also suggest the minimal difference in the predictive power between the 

CRNN based- and OSM based- PLS-DA models.  

 

Figure 5.3. PLS-DA prediction scores for each subject, with error bars representing medians and 

interquartile ranges. The PLS-DA algorithm separates groups of data based on a score of 0 to 1. In 

this case a value of greater than 0.5 indicates the subject has asthma, whereas a value of less than 

0.5 indicates the subject has COPD. 
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In addition, the effect of normalization between disease groups for each of the 32 

metabolites was assessed. The method of urine normalization had no significant impact on the 

coefficient of variation values, being positive (COPD) or negative (Asthma) (Figure 5.4). With 

the exception of one metabolite (tryptophan), all metabolites consistently increased or decreased 

between diseases regardless of the method of normalization (Figure 5.4). The marginal exception 

of tryptophan (Figure 5.4) is attributed to it’s small difference between patient groups. As such, 

tryptophan variation was not a concern for the intended purpose as it was not a key metabolite 

used in disease separation based on the VIP plot of each model (Figure 5.5). 

The metabolites used in the model are ranked and displayed as a VIP. Metabolites with a 

VIP score >1 are more important to the strength of separation and removing these metabolites will 

weaken a model. We investigated if the method of normalization might have an impact on the 

metabolites chosen as important in each PLS-DA model. Twelve metabolites had a VIP score>1 

in CRNN model, whereas 11 metabolites had a VIP score>1 in OSM model (Figure 5.5). All but 

one metabolite, ethanolamine, were similar between the two models. Accordingly, it can be 

conferred that CRNN or OSM normalization has no significant effect on the metabolites identified 

as significant between patient groups.  
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Figure 5.4. Coefficient of variation plots for metabolite differences between asthma and COPD 

patients as generated from CRNN normalized model (top) or OSM normalized model (bottom). 

Metabolite levels that were higher in patients with COPD are shown with bars rising above zero, 

whereas levels that were higher in asthmatic patients are less than zero.  



 

259 
 

 

 

Figure 5.5. Variable of importance plots for metabolite differences between asthma and COPD 

patients as generated from CRNN- normalized model (top) or OSM- normalized model (bottom). 
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The last aim was to compare the predictive ability of each normalization technique for 

blinded sample analysis. CRNN- or OSM- normalized data of 15 asthma and 16 COPD patients 

were shown to the respective PLS-DA models without a diagnosis. The model generates a 

prediction score for the disease category in which the samples best fit. For the CRNN normalized 

dataset, the model was able to correctly diagnose 14 out of 15 (93% accuracy) asthma patients and 

15 out of 16 COPD patients (93% accuracy). Similarly, when the OSM-normalized PLS-DA model 

was used to predict the diagnosis of the same blinded patient set using their OSM-normalized urine 

metabolomics data, the model demonstrated an accuracy of 87% (n=13 out of 15) and 75% (n =12 

out of 16). Both models were reasonably good given the small sample size and thus the larger 

weight imposed by each participant on the overall accuracy %. The marginally improved 

prediction accuracy of the CRNN model might be explained by the stronger Q2 value.   

This work is a significant expansion of the current literature. Unlike previous work 

studying the effect of normalization on only a few metabolites (less than five metabolites) [22, 28], 

we have shown the validity of 17 metabolites in one run. It is also important to differentiate 

between targeted versus untargeted data. Our findings are different from Warrack et al. [20], in 

which OSM normalization allowed better group separation in comparison with CRNN using PCA. 

While OSM was measured using an osmometer, CRNN was measured within the untargeted 

relative quantification workflow [20]. The authors did not describe if any validation experiments 

were conducted in order to assess the accuracy of CRNN quantification. Our results are also 

different from Vogl et al.[19], in that their patient cohort had established chronic kidney disease, 

which would greatly affect CRNN measurements [19]. On the other hand, the untargeted study 

conducted by Kennedy et al. [27] showed similarities between the normalization strategies using 

commercially available kits [38]. In summary, to the best of our knowledge, this is the first 
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normalization comparative study that combines the power of targeted metabolomic analysis of a 

large subset of urine metabolites using fully validated LC-MS/MS methods with the statistical 

power of PLS-DA. 

5.5. Conclusion  

Overall, CRNN and OSM post acquisition normalized values were similar between asthma 

and COPD patients. The statistical parameters of the PLS-DA models did not differ significantly 

between the normalization strategies. Based on our findings, we suggest that either normalization 

strategy could be used for targeted urine metabolomics. However, the simplicity of measurements 

using commercially available kits can play a substantial role in the ease and accuracy of the 

normalization strategy. In fact, given the commercial availability of the CRNN assay kit as well 

as its significantly higher throughput in comparison to OSM measurements, CRNN normalization 

has been incorporated into our SOP for all future metabolomic analysis of urine. Finally, while no 

clinical decision can be concluded from this study with such a small sample size, we have shown 

that the classification of blinded samples did not differ by changing the normalization strategy. 

More patient samples are needed for the clinical validation of the investigated metabolites. 

Regardless of the method of urine data normalization (CRNN or OSM), the statistical analysis 

using PLS-DA remains similar.  
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Transitioning rationale:  

All LC-MS/MS methods were validated for the absolute quantification of 41 urine 

metabolites and the normalization strategy was also investigated (Chapters 2-5). Herein, the 

optimized analytical platforms are applied to two cohorts of asthma and COPD patients in order 

to identify the final list of diagnostic metabolites. 

 

6.1. Introduction 

Chronic respiratory illnesses such as asthma and chronic obstructive pulmonary disease 

(COPD) continue to compromise the patients’ quality of life worldwide. Despite the growing 

knowledge on the pathophysiology of asthma and COPD, their prevalence is increasing with rising 

mortality rates [1]. Low- and middle-income countries as well as aboriginal communities in 

developed countries are more vulnerable to asthma and COPD comborbidites [1-3]. According to 

the World Health Organization (WHO), 235 million people worldwide suffer from asthma, 

whereas, COPD, currently the third cause of death, affects 251 million individuals [1].  

While asthma and COPD may be similar in their clinical presentations, they differ in their 

specific airway inflammatory profiles and their pathophysiology. As such, different treatments are 

needed for each disease [4-7]. Differentiating asthma from COPD can be a challenge using clinical 

tools typically available in a primary care setting [4, 8-12]. This is particularly valid for asthmatic 

smokers, non-smoking COPD patients, patients with late-onset asthma and patients with asthma-

COPD overlap syndrome (ACOS) [8, 9, 13-16]. ACOS is a phenotype in which patients 

demonstrate clinical features of both diseases. Due to the absence of accurate diagnostic testing, 

these patients have been mostly excluded from clinical studies resulting in incomplete 
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development of treatment guidelines and higher morbidity rates than either asthma or COPD [15, 

16]. Overall, with these disease-management shortcomings, researchers have been focusing on 

new diagnostic approaches, such as metabolomics in the context of asthma and COPD [17-26].  

Metabolomics is the comprehensive identification and quantification of metabolites in a 

biological system. It involves the study of metabolite perturbations and altered biochemical 

pathways in response to stressed states [27]. Metabolomics was shown to differentiate stable and 

unstable asthma, to determine the severity stage of COPD, and to compare either asthma or COPD 

with healthy participants [19-21, 23, 26, 28, 29]. Limited research, however, has been directed 

towards the differential diagnosis of other conditions that can mimic asthma [30] or COPD [31].  

To the best of our knowledge, our previous proton nuclear magnetic resonance (1H-NMR) 

metabolomics study was the first to investigate and demonstrate a difference in the metabolome 

between asthma and COPD patients [32]. Urine was selected for biomarker discovery experiments 

due to its richness in metabolites, low cell count, minimal sample preparation and non-invasive 

nature of collection [27, 32-35]. The semi-targeted 1H-NMR platform along with our previous 

research in respiratory diseases identified 50 metabolites as potential biomarkers in urine [19, 28, 

32]. Since clinical validation of candidate biomarkers requires robust quantitative analytical 

platforms [36, 37], liquid chromatography-tandem mass spectrometric (LC-MS/MS) methods 

were developed to be used in a clinical laboratory setting [38-40]. Using these validated LC-

MS/MS methods, 41 metabolites were successfully quantified in urine. The remaining nine 

metabolites were omitted from our list due to various reasons including incompatibility with LC-

MS/MS, trace levels requiring extensive sample extraction, and absence of reference standards/ 

suitable internal standards. Using the developed analytical platforms, we demonstrate for the first 

time, the identification and preliminary clinical validation of a subset of potential urine biomarkers 



 

 

270 
 

to differentiate asthma and COPD. In addition, the underlying biochemical pathways contributing 

to the metabolomic differences are identified. Not only does this study constitute a foundation for 

improved clinical testing, it also creates the potential for investigations into personalized medicine 

for asthma and COPD.  

6.2. Experimental  

6.2.1. Patient Characteristics 

Patients were enrolled after obtaining their written informed consent, as approved by the 

University of Alberta (Ethics number RES0002419), (n=33), and the University of Saskatchewan 

(Ethics number 1389), (n= 103) Health Ethics boards. Patients with asthma, COPD or uncertain 

asthma/COPD diagnoses were recruited from the respiratory clinics in the tertiary care setting 

(Royal University Hospital, Saskatoon, SK and University of Alberta Hospital, Edmonton, AB). 

Patients were selected based on all of the following criteria: (a) a previous history of physician-

diagnosed asthma and/or COPD, (b) between 40 and 70 years old, (c) currently taking at least one 

prescription medication for the relief of asthma or COPD symptoms. The ratio of forced expiratory 

volume in 1 second to forced vital capacity ((FEV1)/ (FVC)) of less than 80% was also set for 

COPD patients (Table 6.1). No restrictions were set for diet, smoking, or time of the day in relation 

to urine collection. We are aware of the variability in the urine metabolome with diet [41]. 

However, urine samples were intentionally collected randomly with no dietary or time restriction. 

The purpose of this practice is to identify the diagnostic biomarkers that are sufficiently altered 

between groups despite interpersonal variabilities normally encountered in a typical primary care 

setting.   
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6.2.2. Urine Samples Collection 

Following collection, SK urine samples were promptly placed in a -80 °C freezer, whereas 

AB urine samples were first promptly placed in a -20 °C freezer and then transferred to -80 °C 

within 3 hrs. Urine was thawed once to prepare aliquots of each sample. All samples aliquots were 

kept at -80°C for long-term storage. At the time of analysis, an aliquot of each sample was allowed 

to thaw at room temperature and processed as described in section 6.2.3.  

*Standard deviation, ** Body mass index, *** Forced expiratory volume in 1 second 

****N= never smoked, P= past smoker, C= current smoker 

1 smoking years: 1-16, 2 smoking years: 15-60, 3 smoking years: 20-59 

 

 

 

Table 6.1. Patients’ characteristics    

 Number 

of 

patients 

Mean age 

± SD* (y) 

Male 

sex, No. 

(%)  

BMI** ± 

SD* 

FEV1%*** 

Mean ± 

SD* 

Smoking 

status****, 

No. 

N P C 

SK asthma 38 56.1 ± 8.9 14 (37) 29.9 ± 7.6 78.5 ± 20.9 NA 

NA 

NA 

SK COPD 58 61.2 ± 6.2 28 (48) 26.6 ± 7.4 46.9 ± 23.8 

SK 

asthma/COPD 

overlap 

7 57.4 ± 8.8 3 (42) 30.2 ± 6.3 53.2 ± 17.5 

AB asthma 13 52.7 ± 12.4 9 (69) NA 93.7 ± 13.4 7 61 0 

AB COPD 20 61.3 ± 10.2 9 (45) NA 68.3 ± 19.0 3 102 73 
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6.2.3. Metabolites Analysis via LC-MS/MS Methods  

A total of 41 metabolites were quantified in each patient’s sample. Due to the diversity of 

the investigated metabolites, they were divided into three groups (Table 6.2). Group 1 contains 17 

amine- and phenol- containing metabolites, and they were quantified using differential isotope 

labeling strategy (DIL) with dansyl chloride [38]. Group 2 contains 17 carboxylic acid containing 

metabolites for which we employed a similar strategy to group 1 using p-dimethylaminophenacyl 

bromide [39]. Group 3 contains 7 miscellaneous metabolites that were quantified using stable 

isotopes [40]. For each group, a separate LC-MS/MS method was developed and validated 

according to the guidelines issued by the Food and Drug Administration (FDA) and the European 

Medicines Agency (EMA) [42-44]. Urinary creatinine concentration was determined using a 

QuantiChrom™ CRNN assay kit (QC, CA) [45]. The reader is advised to refer to the previously 

published work for details on sample preparation and LC-MS/MS analyses [38-40]. 

6.2.4. Statistical Analysis 

Creatinine-normalized metabolomics data was log transformed and transferred to SIMCA-

P V.11 software (Umetrics, Sweden) for partial least square discriminant analysis (PLS-DA). This 

test identifies metabolites that differ consistently between patient groups. These metabolites are 

then displayed by the software as a coefficient of variation (CoV) plot and variables of importance 

in projection (VIP) plot. GraphPad software (version 6, CA, USA) was used for PLS-DA 

prediction score plots generation. While the raw data is not compiled in this thesis, they are 

available upon request from the authors. 
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6.2.5. Pathway Analysis  

Pathway analysis was conducted using the pathway topology tool in MetaboAnalyst® 3 

[46, 47]. Metabolites identified as significant from the PLS-DA model (n=19) were entered into 

the software and their identities were matched with that in the human metabolome data base 

(HMDB). The homo sapiens pathway library was selected along with relative-betweeness 

centrality for pathway topology analysis [46, 47]. MetaboAnalyst® integrates several databases 

such as the Kyoto Encyclopedia of Genes and Genomes (KEGG) and the HMDB in order to 

identify the most relevant pathways involved for a given condition [46, 47]. 

Table 6.2. Urinary metabolites quantified using the LC-MS/MS platform 

Group 1 Group 2 Group 3 

1. 1-Methylhistamine 

2. Alanine 

3. Arginine 

4. Asparagine 

5. Ethanolamine 

6. Glycine 

7. Glutamine 

8. Histidine 

9. Isoleucine 

10. Lysine 

11. Serine 

12. Sarcosine 

13. Threonine 

14. Tyrosine 

15. Tryptophan 

16. Taurine 

17. Valine 

1. 2-Hydroxy isobutyrate 

2. 2-Oxoglutarate 

3. 3-Hydroxy-3-methyl glutarate 

4. 3-Hydroxy isobutyrate 

5. 3-Hydroxyisovalerate 

6. 3-Methyl adipate 

7. Acetylcarnitine 

8. Betaine 

9. Cis aconitate 

10. Fumaric acid 

11. Glycolate 

12. Lactate 

13. Pantothenate 

14. Pyroglutamate 

15. Succinate 

16. Trans aconitate 

17. Trigonelline 

1. 1-Methylnicotinamide 

2. Choline 

3. Creatine 

4. Glucose 

5. Guanidine acetate 

6. Pyruvate 

7. Uracil 
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6.3.  Results 

6.3.1. Patients’ Characteristics  

There was no significant age difference between asthma and COPD cohorts in AB 

(p>0.05), whereas the asthma cohort was younger than COPD in SK (p=0.004) (Table 6.1). Male 

participants represented 44% and 55% of AB and SK cohorts, respectively. SK COPD patients 

had lower body mass index (BMI) in comparison to SK asthma patients (p=0.04). We did not have 

BMI values for all AB patients; the smoking status of AB asthma is summarized in Table 6.1. 

While there was a significant difference in smoking status between asthma and COPD, Adamko 

et al. [32] demonstrated its insignificant impact on the discriminating power of the candidate 

biomarkers. As such, we were intrigued to reinvestigate these findings using our LC-MS/MS 

platforms. As expected, the lung function values for all asthma patients were higher, on average, 

compared to those with COPD (p= 2.1×10-11) (Table 6.1).  

6.3.2. Statistical Model for the Discrimination between Asthma and COPD 

  An initial PLS-DA model was constructed using data from all asthma and COPD patients 

from SK and AB, whereas data from patients with uncertain asthma/COPD diagnoses was 

withheld. A weak model of separation with R2Y= 0.307 and cross validated R2 (Q2) = 0.19 was 

obtained (Figure 6.1A). Given the poor accuracy, we questioned the working diagnosis of asthma 

or COPD. We reanalyzed the model after a thorough investigation of the available clinical data. 

Despite having a working diagnosis of COPD in clinic, 20 COPD patients showed reversibility in 

their pulmonary function tests (PFT), accordingly, we removed them from the model. Reviewing 

the predictions scores, we found that obese asthma patients were also frequent outliers and difficult 

to fit in the model. As such, given the small sample size, an exclusion criterion for asthma patients 

with BMI> 32 was set with the concomitant removal of 10 patients from the SK cohort.  
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Figure 6.1. Prediction score plots for the PLS-DA of the metabolome dataset, where (A) includes 

all recruited asthma and COPD patients and 41 metabolites, and (B) after applying patient’s 

exclusion criteria and removing insignificant metabolites. 

Table 6.3 summarizes the patients’ characteristics of the reduced cohort. The new cohort 

was reanalyzed using all 41 metabolites resulting in improvement in group separation. Based on 

the VIP and CoV plots, it was evident that many metabolites do not differ greatly between patient 

groups and including them is detrimental to the generation of a strong statistical model (data not 

shown). Therefore, removing insignificant metabolites is needed. To do this, the cohort was 

divided into training (SK samples) and validation (AB samples) sets. Twenty SK asthma and 20 

SK COPD samples were used for the construction of the PLS-DA model, whereas the remaining 

SK samples were used as a test set to remove irrelevant metabolites. Our group and others have 

reported using this technique [19, 28, 32, 48]. The optimal model used 2 components with an R2Y= 

0.851 and Q2= 0.759 and contained 19 metabolites (Figure 6.1B and Figure 6.2).  
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 * Data is unchanged from Table 6.1 

 

 

 

Figure 6.2. PLS-DA analysis showing a discriminating model with 2 components in which R2Y= 

0.851 and Q2= 0.759. 

 

 

Table 6.3. Patients’ characteristics in the inclusion criteria 

 Number Mean age ± 

SD (y) 

Male sex, 

No.  

BMI ± SD FEV%   

Mean ± SD 

SK Training asthma 28 56.0 ± 9.1 12  26.0 ± 3.4 77.5 ± 22.0 

SK Training COPD 44 61.0 ± 6.4 24  26.8 ± 7.4 45.6 ± 26.2 

AB Blinded asthma* 13 52.7 ± 12.4 9 NA 93.7 ± 13.4 

AB Blinded COPD 14 60.3 ± 11.2 6  NA 68.9 ± 21.1 
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6.3.3.    Model Validation 

SIMCA-P V.11 software uses a 7-fold internal cross validation for the validation of the 

model, where Q2 reflects the predictive power [49]. The high and close values of R2 and Q2: 0.851 

and 0.759, respectively, indicate robustness of the model [50]. The PLS-DA model was further 

tested for overfitting using the response of the permutation test through 150 iterations. For every 

permutation, a PLS-DA model is generated and new R2Y and Q2 values are computed. Afterwards, 

the test compares the goodness of fit of the original model with the goodness of fit of randomly 

permuted models [51, 52]. The intercept values of the fitted regression lines for R2Y (less than 0.2) 

and Q2 (less than -0.05) as well as the distribution of the permuted responses demonstrate model 

validity and negligible overfitting (Figure 6.3) [51]. For external validation, AB samples were run 

blindly, and their PLS-DA prediction scores were generated. A cut-off score greater than 0.5 is 

used to designate asthma, whereas a value less than 0.5 represents COPD. As can be seen from 

Figure 6.1B, ten out of 13 (77%) patients were correctly diagnosed with asthma, whereas 12 out 

of 14 (86%) patients were correctly diagnosed as COPD (Figure 6.1B). Finally, to further 

investigate the robustness of the metabolomics workflow at large, 17 random urine samples were 

re-analyzed after 28 months of their initial analysis. The PLS-DA classification of the repeats was 

100% identical to that of the original (Figure 6.4). This period corresponds to the time between 

the analysis of the first batch of patients’ samples using method 1 and the completion of the 

validation process for method 3. 
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Figure 6.3. PLS-DA permutation test plot where 150 random iterations were generated based on 

the metabolomics data of asthma and COPD patients. The Y-axis compiles the R2Y (green 

triangles) and the Q2 (blue squares) values of all permuted models. The X-axis is the correlation 

coefficient between permuted and original data response. The two last points in the plot correspond 

to the original model, where a correlation coefficient of 1 between identical values is expected. 

 

Figure 6.4. PLS-DA prediction score plot of 17 random samples repeated 28 months after initial 

analysis 
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6.3.4. Discriminating Metabolites for Asthma and COPD  

Figure 6.5A compiles the most significant metabolites for groups separation, in which 15 

metabolites had a VIP score greater than 0.8. The difference in the expression of the selected 

metabolites between asthma and COPD groups is presented in Figure 6.5B. Values above zero 

indicate an increased expression in COPD patients, whereas values below zero indicate a higher 

concentration in asthma patients.  

Figure 6.5. (A) VIP plot for metabolites significantly contributing to group separation using PLS-

DA and (B) CoV plot demonstrating the direction of change of these metabolites.  
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6.4. Discussion  

6.4.1. Patient Sample Analysis 

The inflammatory process in COPD results in continuous cycles of injury and repair 

leading to scar formation, fixed obstruction and progressive dyspnea [6, 53, 54]. For this reason, 

we excluded 20 C OPD patients from the training and validation tests, based on their reversible 

PFT. The PLS-DA model was improved following their exclusion, as well as following the 

exclusion of obese asthma patients BMI>32. This was an interesting observation since obesity 

seemed to only impact the metabolome of asthma patients and not COPD. In fact, there are rising 

concerns that obesity is a risk factor for asthma causing a poor response to standard asthma 

medications [55, 56]. Moreover, a recent 1H-NMR untargeted metabolomics study demonstrated 

that the co-existence of asthma and obesity generates a distinct respiratory metabolic phenotype in 

exhaled breath condensate that is different from that of either asthma or obesity [57]. However, 

given the small sample size, we were not able to conduct a comparative study between both obese 

and non-obese asthma patients. This approach, however, is not ideal to address confounding 

factors such as age and sex differences as well as comorbid conditions including obesity. 

Using the optimized model, blinded AB asthma and COPD samples were classified with 

77% and 86% accuracy, respectively (Figure 6.1B). The PLS-DA scores for 3 male asthma 

patients were greater than 0.35 and less than 0.5, indicating incorrect diagnosis (Figure 6.1B). 

Two patients were never smoked whereas the third was a past smoker with 3 smoking years. Due 

to the absence of BMI information, we were not able to apply the exclusion criteria of asthma in 

the AB cohort. On the other hand, two AB COPD patients were incorrectly classified by the model, 

and they were identified as a past smoker female with 38 years of smoking and a past smoker male 



 

 

281 
 

with 1 year of smoking (Figure 6.1B). Our result agrees with the work conducted by Adamko et 

al. [32], in which smoking was not a major factor in the diagnosis of asthma or COPD. 

Seven patients with uncertain asthma/COPD diagnoses were recruited and their urine 

samples were analyzed using the established LC-MS/MS platform. Figure 6.6 demonstrates their 

PLS-DA score plot. Patient 1 showed irreversible PFT and was classified as COPD patient. No 

PFT values for patient 2 (also classified as COPD) were available. Interestingly, this patient was 

found to be on continuous positive airway pressure therapy. Patients 3,4 and 5 demonstrated 

reversibility in their PFT, whereas, patients 3 and 4 had a BMI> 32. Insufficient data was available 

for patient 6. Finally, patient 7, despite demonstrating irreversible PFT, was classified by the model 

as asthma. Review of the patient’s clinical data revealed that the patient was only on montelukast 

indicating a possibility for inappropriate therapy, since corticosteroids and short acting 

bronchodilators constitute the standard therapy for asthma [7]. Finally, while no definitive 

diagnosis can be made for this small group of asthma/COPD patients (Figure 6.6), a logical 

approach is to compare the change in their metabolome at subsequent visits in response to therapy.   

 

Figure 6.6. PLS-DA prediction score plot of patients with uncertain asthma/ COPD diagnosis 

seen in SK 
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6.4.2. Pathway Analysis and Metabolites Perturbation 

Figure 6.7 provides a visual summary of the metabolic pathway analysis conducted using 

MetaboAnalyst® 3. Initially, 42 pathways were identified, however, only pathways that are 

significantly affected by the investigated metabolites (impact ≥ 0.1, i.e., ≥ 10%) were selected for 

further investigation. These were identified as Aminoacyl-tRNA biosynthesis; glycine, serine and 

threonine metabolism; alanine, aspartate and glutamate metabolism; arginine and proline 

metabolism; histidine metabolism; citric cycle; lysine biosynthesis and degradation and tryptophan 

metabolism. Table 6.4 summarizes the details on the top seven impacted pathways and the 

involved metabolites. Interestingly, except for tyrosine, valine, 1-methylhistamine and cis-aconitic 

acid, each of the potential biomarker metabolites was common in at least two of the seven 

metabolic pathways. The detailed pathway analysis of glycine, serine and threonine metabolism, 

as a representative example, is shown in Figure 6.8.  

 

Figure 6.7. Pathway analysis of the significant metabolites as conducted by MetaboAnalyst®. 

Circles represent all pathways potentially involved in group separation, where (1) Glycine, serine 

and threonine metabolism, (2) Alanine, aspartate and glutamate metabolism, (3) Arginine and 

proline metabolism, (4) Histidine metabolism, (5) lysine biosynthesis, (6) citrate cycle and (7) 

Aminoacyl-tRNA biosynthesis. 
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* Metabolites common to more than one metabolomic pathway are bolded 

Table 6.4. Summary of the most significant metabolic pathways identified by MetaboAnalyst 

Number  Pathway Metabolites* Total metabolites Hits Impact Holm adjusted 

p-value 

1 Glycine, serine and 

threonine metabolism 

Guanidine acetic acid, glycine, 

sarcosine, tryptophan, threonine 

and serine 

48 6 0.47 1.1×10-4 

2 Alanine, aspartate and 

glutamate metabolism 

Glutamine, oxoglutaric acid and 

asparagine 

24 3 0.25 6.8×10-2 

3 Arginine and proline 

metabolism 

Glutamine, arginine, Guanidine 

acetic acid and sarcosine 

77 4 0.16 0.24 

4 Histidine metabolism Histidine, 1-methylhistamine and 

oxoglutaric acid 

44 3 0.16 0.38 

 

5 Lysine biosynthesis  Lysine, oxoglutaric acid 32 2 0.15 1.00 

6 Citrate cycle Oxoglutaric acid, cis-aconitic 

acid 

20 2 0.14 0.8 

7 Aminoacyl-tRNA 

biosynthesis 

Asparagine, histidine, arginine, 

glutamine, valine, lysine, 

threonine, tyrosine, tryptophan, 

glycine, serine 

75 11 0.11 1.4×10-10 

2
8
3
 



 

284 
 

 

Figure 6.8. Glycine, serine and threonine metabolism pathway. Blue boxes demonstrate the 

metabolites needed in the pathway and were not included in the metabolite list. Red boxes 

demonstrate the metabolites that were identified as potential biomarkers from PLS-DA. 

 

Apart from the top seven metabolic pathways, the metabolites individually were 

components of other pathways, also identified by MetaboAnalyst, which could contribute to the 

pathogenesis of asthma and COPD. For instance, arginine is converted to nitric oxide that increases 

in exhaled breath of patients with asthma, via nitric oxide synthase [58]. Histidine is a precursor 

of histamine which is metabolized into 1-methylhistamine [59]. Histamine is involved in asthma 

inflammatory response and the constriction of smooth muscles [59]. COPD can constitute a risk 

factor for new onset of type 2 diabetes; hence, glucose levels can be altered in response to such a 

relationship [60]. Uracil is involved in CoA biosynthesis that is critical for energy metabolism 

[32]. Valine is an essential branched chain amino acid that is utilized in the synthesis of muscle 
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proteins [61]. Altered levels of valine can be attributed to muscle wasting or increased demand 

[61]. Common metabolites were identified with the previous 1H-NMR study [32]: arginine, 

glutamine, glycine, guanidine acetate, histidine and uracil increased in asthma, and glucose 

increased in COPD (Figure 6.5B). In addition, other studies of urine metabolomics reported the 

decrease in 2-oxoglutarate, 3 hydroxy-3-methylglutarate, glucose and tyrosine in asthma and this 

also agrees with our findings (Figure 6.5B) [19].  

One shortcoming of this study is that the limited available studies on asthma and COPD 

urine metabolomics hindered the comparison among the remaining metabolites. While our results 

demonstrate a promise for these 19 metabolites as potential diagnostic biomarkers of asthma and 

COPD, we believe that additional blinded samples are needed to provide further clinical validation 

before their translation to the clinical practice.   

6.5. Conclusion and Future Directions 

In this study, we demonstrate the potential utility of urine metabolomics in providing better 

objective tests for asthma and COPD. We analyzed two cohorts of patients with asthma and/or 

COPD using our newly established LC-MS/MS platforms which compile three validated methods 

for the quantification of 41 metabolites. Using PLS-DA, it was shown that the metabolome of these 

patients contains 19 unique metabolites which can differentiate between asthma and COPD and 

can constitute a foundation for a clinical test in a standard laboratory. Forty-two metabolic 

pathways were involved in the regulation of the identified metabolites. However, pathway 

topology analysis demonstrated a significant impact on seven pathways that were described in 

detail. While a preliminary clinical validation has been conducted for these 19 potential 

biomarkers, we are currently processing a larger sample size so that the clinical utility of these 

metabolites is established.  
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 CHAPTER 7: General Discussion 

7.1. General Discussion  

More than $2 billion was spent annually on asthma in 2011, whereas chronic obstructive 

pulmonary disease (COPD) had an estimated annual societal cost of $4.52 billion in the same year 

[1, 2]. Both illnesses reduce the quality of life of patients and can result in emergency room visits 

or even hospitalization. Despite their pathophysiological differences, the overlap in the clinical 

presentation of asthma and COPD can hamper their accurate diagnosis in a primary care setting 

leading to poor clinical outcomes and compromised quality of life [3]. In spite of the progress 

achieved in clinical testing, better tests are still needed, especially for patients exhibiting atypical 

disease features [4-9].  

Metabolomics of asthma and COPD has been reported to differentiate patients from healthy 

participants, to determine the stage of COPD or to discriminate between stable and unstable asthma 

[10-16]. However, there is a recent growing interest towards the differentiation of asthma or COPD 

from other overlapping conditions such as aspirin-exacerbated respiratory diseases [17] or 

obstructive sleep apnea [18]. To the best of our knowledge, only one urine metabolomics study 

was conducted to explore the differences between asthma and COPD, suggesting a clear gap in the 

metabolomic-related knowledge of such illnesses. A semi-targeted platform was adopted using 

proton-nuclear magnetic resonance (1H-NMR) [19] which provided a basis for this PhD thesis. 

Given the promising results from that study and the intrinsic advantages of urine as a biofluid for 

clinical testing [19-23], we opted to design mass spectrometric analytical platforms that can be 



 

293 
 

further employed for the clinical validation and the qualification of the potential candidate 

biomarkers identified via 1H-NMR [19].  

7.1.1. Experimental Design for the Targeted Metabolomics of Asthma and COPD 

 

A. Sample Handling  

Since the core goal of our research is the clinical validation of candidate urine biomarkers, 

it was crucial to identify proper sample handling criteria needed to preserve the metabolome of the 

samples (Chapter 1). Our literature search revealed that regardless of the analytical platform, 

simple urine preparation steps such as filtration or centrifugation are needed to remove cells, 

bacteria and non-cellular components [24]. For this reason, we optimized urine sample preparation 

to include acetonitrile for protein precipitation followed by centrifugation in all of the validated 

methods [25-27]. The metabolome is generally better conserved at lower temperatures of storage, 

i.e., ≤-20 ºC, with no need for the addition of preservatives such as sodium azide. However, a 

storage period of more than 24 hrs at 4 ºC should not be exceeded (Chapter 1) [23, 28, 29]. 

Accordingly, these suggestions were followed for sample storage and processing as detailed in 

Chapters 2, 3, 4 and 6 [25-27]. Due to insufficient studies on the maximum freeze-thaw cycles 

that would not compromise stability [30, 31], we decided to minimize these cycles to a maximum 

of two per each patient urine sample. The first cycle is utilized to divide every urine sample into 

aliquots, whereas a new aliquot is thawed once per each analytical method [25-27].  

B. Choice of the Analytical Platform 

This work began with a semi-targeted approach using 1H-NMR [19], which is suitable for 

launching a metabolomics investigation on a certain disease or a stress condition [32]. However, 

the superior selectivity, accuracy and sensitivity of mass spectrometry (MS), especially when 
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combined with chromatographic systems such as high-pressure liquid chromatography (HPLC), 

render it the preferred platform for robust targeted metabolomics [33-36]. In fact, developing well-

established analytical assays is fundamental for the qualification of potential biomarkers for 

clinical application through the Food and Drug Administration (FDA) [37-40]. Therefore, we 

opted for using quadrupole-linear ion trap instruments that are ideal for targeted metabolomic 

analysis. 

C. Classification of the Candidate Biomarker Metabolites 

Fifty metabolites were suggested for further investigation as potential biomarkers [10, 19, 

41]. The selection of liquid chromatography-tandem mass spectrometry (LC-MS/MS) as a 

quantification platform resulted in the omission of six metabolites due to the absence of adequate 

standards/internal standards (IS) and/or incompatibility with LC-MS/MS. The remaining 44 

metabolites were divided into four groups (Table 1.2), based on their physicochemical properties 

and concentrations. Tyrosine derivatives were initially compiled with group 1 metabolites. 

However, due to their undetectable levels in urine using method 1, they were further relocated into 

group 4 which involves samples preconcentration using solid phase extraction (SPE). 

While we were quite successful in groups 1-3, the fourth group did not reach a stage for 

use in our studies. Group 4 consisted of bromo-tyrosine, chloro-tyrosine and leukotriene E4 

(LTE4) (Table 1.2). The inclusion of tyrosine-related metabolites stems from their formation in 

eosinophils and neutrophils in response to oxidative stress and their suggested roles in asthma [42] 

and COPD [43], respectively. LTE4 levels, on the other hand, were previously reported to increase 

in asthma [13]. Extraction of these metabolites from urine was investigated using six types of SPE 

cartridges (APPENDIX B). Despite an average preliminary process efficiency of 70% for spiked 

metabolites using Retain-AX, we decided to halt further investigations on method development 
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and validation for group 4. The driving force towards this decision was the lengthy sample 

preparation steps, which would likely prevent our aim to develop analytical assays for clinical 

laboratories. With this further reduction, 41 metabolites were selected for quantification per each 

patient urine sample. Classification of the metabolites into groups 1, 2 and 3 is presented in Table 

1.2. 

D. Patient Samples  

Patient urine samples were collected from two different Canadian sites, namely, University 

of Alberta Hospital, Edmonton, Alberta (AB) (Ethics number RES0002419), and Royal University 

Hospital, Saskatoon, Saskatchewan (SK) (Ethics number 1389). Patients in SK were continuously 

being recruited throughout the course of my thesis, whereas samples from AB were shipped in 

batches to our lab on dry ice. For this reason, the reader may notice a difference in the number of 

participants in each chapter (e.g., Chapter 2: 42 patients; Chapter 3: 16 patients; Chapter 4: 7 

healthy participants, Chapter 5: 51 patients and chapter 6: 136 patients). The research objectives 

of each chapter also contributed to the needed number and classification of the recruited patients 

(section 7.1.2. and 7.1.3).  

E. Statistical Analysis and Sample Size 

Similar to previous studies [19, 41], partial least square discriminant analysis (PLS-DA) 

was used for the statistical analysis of the metabolomics data. This multivariate test has been 

widely used in metabolomics given its capacity to handle a large number of predictor variables 

and colinear data [44-46]. The test is also equipped with various visual outputs to facilitate data 

interpretation [46]. On the other hand, several caveats have been raised towards the utilization of 

PLS-DA in metabolomics [46]. For instance, PLS-DA is prone to overfitting resulting in models 
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with high correlation and prediction abilities which are mainly by chance [46]. In addition, PLS-

DA tends to better predict the model when larger number of variables are included. For these 

reasons, it has been suggested that proper model validation should be conducted while applying 

PLS-DA [46]. In fact, if the researchers are not experienced with this statistical test, they are 

encouraged to pursue other approaches that are less prone to over fitting such as random forests 

test [46]. 

Unlike univariate tests, tools for the determination of the sample size using a large number 

of predictor variables (multi-variate) are not well described in the literature [45]. In fact, several 

papers have focused on discussing challenges and developing guidelines on sample size 

calculation [44, 45, 47]. In general, increasing the sample size in PLS-DA simultaneously increases 

the power of the analysis as well as the stability of the classification, i.e., sensitivity and specificity 

[45]. Since we could not find a published approach for the calculation of the minimum sample size 

needed for our study using PLS-DA, we sought the help of the Statistical Service within the 

College of Medicine, University of Saskatchewan. The predictions of the sample size was based 

on the data from previous work of our group and a model of 10 to 20 significant metabolites [19, 

41]. The equation described by Rosner [48] estimated a sample size of 79 and 252 for a model 

with 10 and 20 metabolites, respectively (Equation 7.1). We also decided to inflate the size of the 

sample by 15% to account for any possible inaccuracies in the assumed calculation parameter, 

resulting in a sample size ranging from 90 to 290 samples.  
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Equation 7.1.  n= (δ1
2+ δ2

2) (z1-α/2+z1-β)
2/Δ2 

, where n= sample size needed in each group to compare means of two normally distributed 

samples of equal size using a two-sided test, α=0.05, 1- β (power)= 80%, δ2 = variance, Δ= 

difference in means. 

On the other hand, we also considered the suggested approach for principle component 

analysis, an unsupervised multivariate test, in which a sample size of five times the number of the 

predictor variables is considered adequate [47]. As such, given the 41 target metabolites in this 

study, a number of 205 patient urine samples may constitute a reasonable sample size. Given the 

discrepancy of sample size calculation from both approaches, we concluded that at least 205 

samples need to be initially analyzed prior to the assessment of the clinical relevance of the 

significant metabolites. However, at the time this study was conducted we only had 136 patients’ 

samples on hand. 

7.1.2. Developing an LC-MS/MS Platform for Asthma and COPD Candidate Metabolites 

A. Endogenous Metabolites-Associated Challenges in Quantification 

During my PhD work, unique challenges were faced due to the endogenous nature of the 

selected metabolites. The absence of analyte-free matrix and ISs can be detrimental to developing 

robust assays needed for biomarker qualification [37-40]. Interestingly, a review of the literature 

revealed that alternative strategies and modifications to the existing European Medicines Agency 

(EMA) and FDA guidelines have been proposed to address similar challenges while quantifying 

endogenous compounds [49, 50]. For this reason, a review article was developed to discuss some 

of the selected practices with the aim of aiding clinical scientists developing robust LC-MS/MS 

methods for endogenous compounds (APPENDIX A).     
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B. Group 1 Metabolites  

Chapter 2 discusses the development and validation of an LC-MS/MS method for group 1 

metabolites (Table 2.1). Differential isotope labeling (DIL) with dansyl chloride was appropriate 

for quantification, given their primary amino and/or phenol containing structures (Table 2.1). 

Indeed, this strategy allowed the separation of group 1 metabolites on a C18 column in 33 minutes 

using a binary gradient system (Figure 2.2). It also allowed the use of underivatized urine as a 

surrogate matrix during the evaluation of matrix effects and method validation. Various unique 

challenges were faced with the group 1 method. For instance, 13C2-dansyl chloride is unavailable 

commercially and a method for its synthesis was modified and optimized in-house (Appendix 2.1, 

Section A). Optimization of the aqueous content (i.e., buffer during sample preparation) was 

crucial to allow for a miscible reaction mixture during derivatization. The 2- mass unit difference 

between the singly tagged metabolites and their 13C2- counterparts necessitated additional 

experimentation to ensure IS purity and the absence of isotopic interferences (Table 2.2, Appendix 

2.1, Section F; Figure IV). 

Forty-two patient urine samples were used to investigate the applicability of the validated 

method in the quantification of group 1 metabolites. While the clinical implication from the 

analysis of asthma (n=29) and COPD (n=13) patient urine samples was outside the scope of this 

chapter, important conclusions were reached regarding the investigated metabolites. For instance, 

since bromo- and chloro-tyrosine were not observed in any of the patient samples, they were 

removed from group 1 and added to group 4.  Histidine and glutamine were often present in the 

samples at concentrations exceeding their upper limit of quantification (ULOQ). This required 

additional experiments on dilution integrity. 
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C. Group 2 Metabolites  

Group 2 contains 17 metabolites that contain at least one carboxylic acid group and a 

method was developed by Ms. Awad, Research Associate, College of Pharmacy and Nutrition 

(2015/2016) (manuscript accepted, Journal of Chromatography B) [25]. A similar strategy to 

group 1 was utilized using dimethylaminophenacyl bromide reagent and the 13C2-reagent was also 

synthesized in house. Cis- and Trans- aconitate were quantified as a single entity due to their 

unresolved chromatographic peaks [25]. This method was used for all patient samples as discussed 

in Chapter 6.  

D. Group 3 Metabolites  

Chapter 3 discusses the development and validation of an LC-MS/MS method for group 

3 metabolites (Table 1.2). The diverse chemical structures of these metabolites hindered the 

application of a derivatization strategy. As such, hydrophilic interaction liquid chromatography 

was used for their separation in 13 min (Figures 3.1 and 3.4). Polarity switching to the negative 

ionization mode was essential for glucose and pyruvic acid detection. Glucose was detected as the 

formate-ion adduct and pyruvic acid was detected in the single ion monitoring mode due to the 

low intensity of the reported m/z 87→43 MS/MS transition (Figure 3.2). The presence of 

significant endogenous interference at the optimized glucose-IS transition required the utilization 

of an alternative transition of lower sensitivity. As such, the glucose-IS was spiked at a 

concentration double that of the ULOQ (supplemental materials, Figure IIC). The use of solvents 

in calibration standards as well as pooled urine in quality control samples (QC) was carefully 

validated throughout the chapter. The assessment of matrix effects using pooled urine samples 

necessitated prior correction of endogenous metabolite levels through the subtraction of peak 

areas. 
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The applicability of the method was evaluated using asthma (n=8) and COPD (n=8) 

samples, in which creatine and glucose required occasional sample dilution (13% of the samples). 

Preliminary PLS-DA demonstrated moderate accuracy of disease separation, where a regression 

coefficient (R2) of 0.752 and predictive coefficient (Q2) of 0.57 were obtained. The generated 

model indicates the potential significance of these metabolites among the overall list of 41 

metabolites. However, no clinical decision can be made from the current data when only 17% of 

the suggested biomarkers are being quantified (seven out of 41 metabolites).  

In summary, with the development and validation of LC-MS/MS methods for groups 1, 2 

and 3, a platform was established for the targeted metabolomics of asthma and COPD. However, 

prior to the analysis of a large cohort of patient urine samples needed for clinical data generation, 

we decided to further investigate means to improve efficiency while maintaining data integrity.  

7.1.3. Trials to Expedite Sample Analysis 

DIL using dansyl chloride substantially improved chromatographic separation and MS 

analysis of the metabolites. However, the additional derivatization steps, the 33-min sample run 

time, and the injection of 28 non-patient samples in a typical processing batch for 10 patients 

resulted in the slow generation of clinical data. As such, we explored alternative quantification 

strategies to multipoint calibration to investigate the feasibility of a faster option. Since this 

comparative study was irrespective of the patient classification, seven healthy participants were 

recruited, and six metabolites were selected as representatives based on pre-set criteria (Chapter 

4).  
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Three out of the eight calibration points inaccurately quantified 50% of the metabolites in 

at least one QC sample in the single point calibration mode (Table 4.4). Inaccurate quantification 

of ethanolamine in pooled urine was also observed from seven calibrators. We determined that the 

precision of quantification of serine in urine was inferior to that obtained from multipoint 

calibration, in which the relative standard deviation (RSD %) of the unacceptable values ranged 

from 15.1% to 17.2% (Figure 4.5). It was also observed that the calibrators at the lower end of the 

calibration range (i.e., equivalent to lower limit of quantification (LLOQ)) could compromise the 

accuracy and precision of quantification. We concluded that while single point calibration could 

provide means for faster quantification, individual assessment of performance must be conducted 

for each metabolite. An analyst should avoid the extrapolation of the performance of single point 

calibration among different metabolites, calibrators or derivatizing reagents. In addition, despite 

its precision, the accuracy of the relative quantification mode was significantly compromised. At 

least one out of three calibrators inaccurately quantified four out of the six metabolites. Relative 

quantification may be of value for preliminary semi-quantitative studies. Based on our findings, 

we concluded that there is a need for multipoint calibration to ensure accuracy in the measurements 

of our range of biomarker metabolites using the three LC-MS/MS methods.  

7.1.4. Optimization of the Normalization Technique 

Following sample analysis using the three validated LC-MS/MS methods, the 

concentrations of the metabolites were corrected to account for variations in urine volume. Despite 

the widespread practice of normalization to creatinine and the simplicity of its measurement using 

the QuantiChrom™ assay kit [51-53], we opted to further investigate the impact of the 

normalization strategy on the statistical output for diagnosis. We compared creatinine with an 

alternative normalization strategy, namely osmolality (Chapter 5). This study was not designed 
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to conclude any clinical significance of the investigated metabolites as potential biomarkers of 

asthma and COPD. As such, the dataset of 32 metabolite values available from groups 1 and 2 

previously quantified in 51 patients (asthma n=25, COPD n=26) was utilized. Fumaric acid was 

omitted due to its frequent existence at concentrations below its LLOQ in these samples, whereas 

cis- and trans-aconitate were treated as single entity due to their non-resolved chromatographic 

peaks [25].  

Comparable models of separation using PLS-DA were obtained from creatinine and 

osmolality- normalized data (R2Y= 0.919, Q2= 0.705 and R2Y= 0.929, Q2= 0.671, respectively) 

(Figure 5.3). The method of normalization neither impacted the metabolites identified as 

significant for separation nor affected the direction of change of the investigated metabolites 

(Figures 5.4 and 5.5). Based on this study, creatinine was selected as the reference for 

normalization in our metabolomics platform, given the robustness and high throughput of the 

QuantiChrom™ creatinine assay kit.   

7.1.5. Application of the Validated LC-MS/MS Platform to Asthma and COPD Patient 

Urine Samples 

The work conducted in Chapters 2-5 laid the foundation for our goal of identifying 

discriminating metabolites in asthma and COPD patient urine samples (Chapter 6). By 

quantifying 41 metabolites in samples from 136 patients, a weak PLS-DA model was generated 

(R2Y= 0.307, Q2= 0.19). Asthma patients with body mass index (BMI) greater than 32 were found 

to be frequent outliers and were removed from the model (Figure 6.1). This observation may 

support the notion that the co-existence of asthma and obesity generates a distinct metabolic 

phenotype that is different from asthma or obesity [54]. Reviewing the clinical data of COPD 

patients resulted in the exclusion of 20 patients due to their reversible pulmonary functions. The 
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final PLS-DA model uses 19 significant metabolites (R2Y= 0.851, Q2= 0.759) (Figure 6.1) and 

was further validated using permutation testing as well as by classifying blinded samples with 82% 

accuracy.  

Seven metabolic pathways were identified by the Pathway Analysis function of 

MetaboAnalyst® to have the highest impact (Table 6.4). For instance, the Aminoacyl-tRNA 

biosynthesis pathway included 11 out of the 19 metabolites. Interestingly, seven out of the 19 

metabolites were common with the most discriminating metabolites previously identified by 1H-

NMR [19]. The differential expression of four additional metabolites was also in agreement with 

the literature [10]. Moreover, the metabolites, individually, were found to have key biological roles 

directly impacting asthma or COPD, such as nitric oxide synthesis, histamine biosynthesis and 

muscle wasting. Finally, while more patient samples are needed for the adequate clinical validation 

of the potential biomarkers, herein, we demonstrate the utility of the developed platform and the 

promising discriminating power of a subset of 19 metabolites.   

7.2. Future Directions 

The end goal of this project is the identification of the most discriminating metabolites for 

asthma and COPD diagnosis and the clinical validation of these metabolites. The validated 

analytical methods as well as the promising preliminary patient clinical data constitute a milestone 

towards achieving this end goal. Further research is needed to expand the depth and breadth of 

knowledge on the clinical significance of these biomarkers and to also guide future hypothesis 

testing. Future research should be directed towards expediting sample analysis and confirming the 

significance of the selected metabolites. As such, future investigations in this project should serve 

its three main cornerstones (i.e., the methods, the patients and the metabolites). 
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Despite the robust nature of the analytical methods, one limitation is the considerable 

analysis time for each urine sample. Since the diverse structures of these metabolites precluded 

alternative grouping strategies, while alternative quantification modes demonstrated inferior 

performance characteristics, other options to reduce analysis time should be explored. For instance, 

ultra high-performance liquid chromatography (UPLC) demonstrates superior performance over 

HPLC resulting in improved resolution, sensitivity and analysis time [55]. Accordingly, the 

transfer of the currently existing methods to a UPLC system would substantially serve the purpose 

of high-throughput analysis of patient samples. Also, since this platform is intended to be used on 

a regular basis for processing patient samples, it is important to conduct appropriate stability 

studies for the derivatizing reagents in order to establish their shelf lives, given the fact that they 

are synthesized in house.  

Another limitation of this study is the limited number of patient samples in comparison 

with the investigated metabolites where a sample size of five times the number of variables has 

been suggested [47]. Future research should focus on recruiting more patients, in which different 

cohorts are blindly entered into the statistical model and the accuracy of diagnosis is evaluated. As 

such, we have funded plans with collaborators across Canada to achieve this goal. Another 

limitation is the inappropriate correction of confounding factors, in which obese patients were 

excluded, whereas, sex and age differences were not addressed. A better alternative would be the 

statistical correction of such differences in order to avoid the restriction of patients who could be 

of clinical importance in validation of the model.  

Another research direction is specific to the patients identified with asthma/COPD overlap 

syndrome. This idea requires samples to be collected at future visits so that the disease prognosis 

and patients’ response to therapy can be related to their statistical scoring as asthma or COPD.  
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Similarly, differences in the urine metabolome among different stages of COPD or asthma could 

be explored. This could potentially investigate the applicability of the urine metabolome for early 

disease diagnosis and disease severity assessment.  

Finally, the studied metabolites are representatives of 42 metabolic pathways as identified 

by MetaboAnalyst®. However, these metabolites are not comprehensive to all biochemical 

processes involved in asthma and COPD. For instance, several eicosanoids were differentially 

expressed in asthma urine reflecting the inflammatory and oxidative aspect of the disease [13]. 3-

Methylhistidine, on the other hand, can indicate increased protein breakdown and muscle wasting 

in COPD patients [16, 56]. In addition, 35 out of the 42 identified pathways contained only 1 or 2 

of the targeted metabolites, indicating insufficient representation of these pathways. In general, we 

can explore the addition of metabolites from the citric acid cycle, arginine and proline metabolism, 

valine, leucine/ and isoleucine metabolism, glyoxylate and dicarboxylate metabolism, and arginine 

and ornithine metabolism. Moreover, adopting further investigations of the urine metabolome in a 

semi-targeted approach using high resolution MS can identify metabolites of lower concentration 

with higher accuracy in comparison to 1H-NMR. A hybrid quadrupole (Q)-Orbitrap (i.e., Q-

Exactive®) or linear ion trap (LIT)-Orbitrap would be recommended at this stage of the project, 

since these platforms combine the higher sensitivity of the Q or LIT with the high resolution of 

the Orbitrap. In addition, the metabolomics data can be linked to commercial or vendor specific 

software for metabolite identification. As such, the list of the potential biomarkers would be 

revised as lower concentration metabolites are being identified. 
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7.3. Conclusion 

In this thesis, we have explored novel and diverse approaches to address challenges in LC-

MS/MS method development and validation for endogenous metabolites. We have also introduced 

two fully validated LC-MS/MS methods for 24 metabolites of diverse chemical natures to the field 

of targeted metabolomics. Given their robust performance, we invite analysts investigating these 

metabolites in other biological fluids to use our methods, and adjust as appropriate, as we believe 

our contribution to the science of targeted metabolomics is significant. Additionally, we have 

demonstrated the promising potential of 19 urine metabolites as biomarkers of asthma and COPD. 

The results reached within this thesis provide not only an advanced step towards the improved 

clinical testing of asthma and COPD, but they also lay the basis for personalized medicine in the 

management of these diseases. The future insight of this project is to develop a simple test targeting 

only the final list of biomarkers that can be applied in clinical laboratories. Potential beneficiaries 

of this test include stable and unstable asthma patients, patients with different stages of COPD and 

patients with asthma-COPD overlap syndrome, regardless of their smoking status. As a whole, 

testing large and diverse cohorts of asthma and COPD subjects is the route to achieve our end goal 

and will allow for the qualification of the biomarkers identified in this thesis.  
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A.1. Abstract 

Metabolomics is a dynamically evolving field, with a major application in identifying 

biomarkers for drug development and personalized medicine. Numerous metabolomics studies 

have identified endogenous metabolites that, in principle, are eligible for translation to clinical 

practice. However, few metabolomic-derived biomarker candidates have been qualified by 

regulatory bodies for clinical applications. Such interruption in the biomarker qualification process 

can be largely attributed to the lack of robust assays for the routine quantification of candidate 

biomarkers. In fact, the nature of the endogenous metabolites precludes the application of the 

current validation guidelines for bioanalytical methods. As a result, there have been individual 

efforts in modifying existing guidelines and/or developing alternative approaches to facilitate 

method validation.  

In this review, main challenges for method development and validation for endogenous 

metabolites are discussed, such as matrix effects, alternative analyte-free matrices and the choice 

of internal standards. Some studies have modified the equations described by the European 

Medicines Agency for the evaluation of matrix effects. However, alternative strategies were also 

described, for instance, calibration curves can be generated in solvents and in biological samples 

and the slopes can be compared through ratios, relative standard deviation or a modified Student 

t-test. Internal standards, on the other hand, are diverse, in which seven different possible types, 

used in metabolomics-based studies, were identified in the literature. Each type has its advantages 

and limitations, however, isotope-labeled internal standards and internal standards created through 

isotope derivatization show superior performance. Finally, alternative matrices have been 

described and tested during method development and validation for the quantification of 

endogenous entities. These alternatives are discussed in detail, highlighting their advantages and 
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shortcomings. The goal of this review is to compare, apprise and debate current knowledge and 

practices in order to aid researchers and clinical scientists in developing robust assays needed 

during the qualification process of candidate metabolite biomarkers.  

Key words:  

LC-MS/MS, Biomarkers; Metabolomics; Method validation; internal standards; Matrix effects; 

endogenous metabolites  

A.2. Introduction 

Biomarkers such as genes, proteins, and metabolites play a pivotal role in the health care 

system guiding the decisions on disease diagnosis and prognosis as well as therapy management 

[1-4]. Indeed, intensive research in biomarker discovery at the preclinical and clinical stages is 

ongoing to achieve the goal of personalized medicine [1-4]. Metabolomics assesses all endogenous 

and exogenous (i.e., from the diet or the environment) metabolites within a biological system [2, 

5]. It has quickly demonstrated its promising potential in biomarker discovery [1, 5-7]. 

Metabolomics has the ultimate goal of linking metabolites from different biochemical pathways 

to normal, diseased, and stressed biological states [1, 5, 6]. Unlike genomics, transcriptomics or 

proteomics, metabolomics faces a unique challenge due to the diversity of the physicochemical 

properties of the metabolites (i.e., hydrophobicity/hydrophilicity, acidity/basicity, stability and 

volatility) [5, 6].  
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Metabolomics uses untargeted and targeted approaches in the process of biomarker 

discovery, [5, 6, 8-11]. Nuclear Magnetic resonance (1H-NMR) or high-resolution mass 

spectrometers along with the appropriate databases are commonly employed in the early discovery 

stages of biomarker development where the goal is qualitative and/or semi-quantitative 

measurements [5, 6, 8-11]. Subsequently, a targeted analysis is needed to accurately quantify and 

validate potential biomarker metabolites in the context of the disease state. This is usually achieved 

using instruments suited for quantitative application, such as triple quadrupole mass spectrometers 

operated in the multiple reaction monitoring (MRM) mode [8-10]. Regardless of the mass 

spectrometry (MS)-based metabolomics approach, chromatographic separation is usually needed 

to overcome matrix complexity and isobaric interferences [9-12]. Liquid chromatography-tandem 

mass spectrometry (LC-MS/MS) is one of the most prominent platforms in metabolomics [5, 9-

11].  

Biomarker discovery experiments can be conducted on any tissue or bodily fluid, however, 

they are, in particular, widely employed in blood and urine [13, 14]. Blood reflects one of the 

earliest time points of catabolic and anabolic states. In contrast, urine represents an averaged 

picture of the entire body within a specific time period [15]. Their integrative use may lead to 

complementary information [15]. Despite the challenges associated with its high salt content, urine 

remains an appealing biological fluid due to its high metabolite concentration and non-invasive 

nature of collection [14, 16]. Indeed, alterations in the urine metabolome have been investigated 

in cancer [17, 18], respiratory diseases [19, 20], radiation exposure [21], depression [22], metal 

toxicity [23], type 2 diabetes [24], and other diseases [25-28]. Due to its wide applications, urine-

based examples are emphasized in this review in comparison with other biological fluids and tissue 

extracts. 
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Despite the surge in biomarker discovery using metabolomics, few metabolites have been 

qualified as US-Food and Drug Administration (FDA)- approved clinical biomarkers [2]. The 

qualification of a biomarker aims at confirming the consistent association between the marker and 

the disease. It also expects an elucidation of the physiological, pharmacological, toxicological or 

clinical significance of the test results [2, 29]. Several obstacles can hinder the qualification of 

biomarkers, including the lack of well-established analytical assays that can provide accurate, 

precise and robust quantification data [2-4, 30]. Available regulatory guidelines for bioanalytical 

method validation, such as those issued by the FDA and the European Medicines Agency (EMA) 

are primarily designated for xenobiotics, i.e., active pharmaceutical ingredients, and their 

metabolites [3, 4, 30-32]. In contrast, the endogenous presence of metabolites in a biological 

specimen can prevent the direct application of the established guidelines, rendering the validation 

process challenging and time consuming [3, 30]. In fact, absolute quantification of endogenous 

metabolites is largely impeded by the absence of analyte-free matrices, analytical standards as well 

as appropriate internal standards (ISs) [3]. Consequently, there has been confusion on the type and 

extent of validation needed for the quantification of endogenous metabolites [3, 30, 33]. A 

common consensus has been reached that the intended use of the data can guide the level of the 

analytical validation process [3, 4, 30, 32]. A “Fit-for-purpose” approach, meeting minimum 

performance characteristics, can be a good starting point for exploratory studies and would 

inherently require less validation in comparison with methods designed for clinical applications 

[3, 4, 30, 32].  

This review discusses the challenges faced during the development and validation of LC-

MS/MS methods intended for the absolute quantification of endogenous metabolites. Overview of 

the commonly adopted practices will be summarized, particularly, with the choice of the ISs. In 
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addition, assessing matrix effects, in the context of endogenous metabolites, is described in detail. 

Emphasis is also placed on the challenges in method validation resulting from the absence of 

analyte-free matrices. Past and recent strategies used to overcome these difficulties are discussed.  

The reader will see that not all these approaches are applicable in every situation and that the 

innovation of the researcher along with the foundational understanding of the problem is often the 

solution to the issue. 

A.3. Matrix Effects 

Matrix effects usually result from the co-elution of non-detected metabolites, salts or 

exogenous interferences introduced into the sample during sample preparation or chromatographic 

analysis [34, 35]. In addition, detected metabolites can contribute to  ion suppression of each other 

as observed for nucleotides, for example (Figure A.1) [36]. Eleven nucleotides were quantified in 

rat kidney extract in the single ion monitoring mode using a column switching (LC/LC)-MS 

technique. In order to confirm the ion suppression effects of nucleotides, the matrix effects were 

assessed through the post column infusion of NADP+. In the absence of the matrix, a constant 

signal of NADP+ was obtained. On the other hand, when the matrix was injected, negative peaks 

of NADP+ were observed at the retention times of the eluting nucleotides (Figure A.1)  [36].  

In addition to sample complexity and the ratio of the metabolite to its surrounding matrix, 

matrix effects also vary with the employed ionization source, particularly when comparing the 

commonly used electrospray ionization (ESI) and atmospheric pressure chemical ionization 

(APCI), which can easily be switched within the ionization chamber of modern MS instruments. 

It is well- established that APCI is prone to less matrix effects in comparison to ESI. Further 

discussions on the mechanism of charged ion formation in APCI and ESI and its relation to matrix 

effects can be found in details in the literature [34, 37-39].  
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Figure A.1. Total ion count (TIC) of an LC/LC-MS method for the quantification of 11 nucleotides 

in rat kidney extract (top panel). Nucleotides have ion suppressive properties which were 

investigated through the constant post-column infusion of NADP+. In the absence of the extract 

matrix, a constant signal of NADP+ was obtained (data not shown). The bottom panel shows the 

suppression of the NADP+ signal through the formation of negative peaks that coincide with the 

elution of the ion suppressive nucleotides. Reprinted with permission [36]. 

 

A major factor contributing to matrix effects is the physicochemical properties of the 

investigated analytes [34, 37, 39]. Matrix effects during ESI-MS analysis was demonstrated using 

three drugs (caffeine, phenacetin and a proprietary compound) that were extracted from plasma 

using four methods [40]. Flow injection and post column infusion of the extracts demonstrated 

that caffeine, the most polar entity, was always the most affected by ion suppression, regardless of 

the extraction strategy. On the contrary, the most non-polar compound was identified as the 

proprietary compound, and it suffered the least ion suppression effects [40]. The authors concluded 

that the chemical nature of the compound may have a more profound effect on the extent of ion-

suppression than the method of sample preparation itself. 
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The reader is advised to refer to other extensive reviews and general discussions on matrix 

effects in MS analysis, focusing primarily on exogenous compound analysis [34, 35, 37-39, 41, 

42]. In the following sections, however, the means for the evaluation of matrix effects and the 

minimization strategies for such effects during endogenous metabolites quantification are 

discussed. 

A.3.1. Evaluation of matrix effects for endogenous metabolites 

Evaluation of matrix effects is required by the FDA, however, the practical guidelines for 

such experiment is lacking [32]. The EMA, on the other hand, recommends the use of 6 different 

lots of (non-pooled) blank matrices and the evaluation of matrix effects on low (LQC) and high 

(HQC) quality control samples [31]. The matrix factor (MF) for the metabolite or its IS is 

calculated according to Equation A.1: MFmetabolite or IS= Peak area in blank matrix/ Peak area in 

neat solvent, whereas the IS- normalized MF is expressed as: MFmetabolite/MFIS: Equation A.2 [31]. 

When the MFanalyte  is expressed as percentage, the term Matrix effects (ME%) is commonly used 

[39]. The EMA does not provide any acceptance criteria for MF values, however, the relative 

standard deviation (RSD%) of the IS-normalized MF should not exceed 15% among the six 

evaluated lots [31].  

The EMA recommendations, while clear, are not directly applicable in method 

development for endogenous metabolites due to the absence of analyte-free matrices. Accordingly, 

other approaches or modifications to the above equations have been introduced. The simplest 

approach has been reported as the generation of MF values for only the ISs. For example, Scherer 

et al.  [43] developed an LC-MS/MS method for the quantification of 18 endogenous bile acids in 

serum using 7 ISs (Table A.1). The ISs were assigned to the metabolites based on their retention 
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time proximity. However, up to 1 min retention time difference was observed between 

glycolithocholic acid and its IS, d4-glycochenodeoxycholic acid (Table A.1). The MF values of 

the ISs were found to be suppressed by 25% in serum [43]. One major drawback of this approach 

is the assumption that similar matrix effects are experienced by the metabolites and their 

structurally related ISs despite their chromatographic elution at different times [43]. In fact, there 

are reports, demonstrating that an IS can be affected differently by the matrix than the analyte, 

even when they co-elute. Such discrepancies can undermine the quantitative data [44, 45]. Indeed, 

such difference in ionization behavior can be completely overlooked if the matrix effects are only 

evaluated based on the signals from the ISs as described by Scherer et al. [43].   

Another approach is the correction of endogenous levels prior to data processing by 

Equations A.1 and A.2 [31, 46, 47]. This approach was adopted by Hényková et al. [46] during 

the analysis of tryptophan and 16 of its related metabolites in serum and cerebrospinal fluid (CSF). 

Unfortunately, the authors did not clearly specify the means for endogenous levels correction, 

which is presumably through the subtraction of peak areas of endogenous metabolites from spiked 

samples. Interestingly, the authors found that the signals of the metabolites in 6 individuals 

suffered from extreme matrix suppression (ME%>15.6%) and enhancement (ME%<414.4%) 

effects [46]. The RSD% values of the MF were also very high, reaching up to 52% in tryptamine 

[46]. It was only after the incorporation of 17 isotopically labeled ISs that such effects were 

corrected and the RSD% values of the IS-normalized MF were reduced to below 15% [46].  
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Table A.1. Internal standards used in the quantification of 18 bile acids in serum [43] 

 

 

 

 

 

Internal standard  Metabolites Retention time 

D4-CA Cholic acid (CA) 2.56 

D4-CDCA Chenodeoxycholic acid (CDCA) 3.51 

D4-DCA Deoxycholic acid (DCA) 3.71 

D4-LCA  Lithocholic Acid (LCA) 

Taurolithocholic acid (TLCA) 

4.5 

4.35 

D4-UDCA Ursodeoxycholic acid (UDCA) 

Hyodeoxycholic acid (HDCA) 

Tauroursodeoxycholicacid (TUDCA) 

Taurohyodeoxycholic acid (THDCA) 

1.92 

2.15 

1.83 

2.08 

D4-GCA Glycocholic acid (GCA) 

Glycoursodeoxycholic acid (GUDCA) 

Glycohyodeoxycholic (GHDCA) 

Taurocholic acid (TCA) 

2.52 

1.84 

2.08 

2.48 

D4-GCDCA Glycochenodeoxycholic acid (GCDCA) 

Glycodeoxycholic acid (GDCA) 

 Glycolithocholic acid (GLCA) 

Taurochenodeoxycholic acid (TCDCA) 

Taurodeoxycholic acid (TDCA) 

3.44 

3.65 

4.41 

3.38 

3.61 
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Unlike Hényková et al. [46], other studies have detailed the modifications introduced to 

the pre-existing EMA equations [47-49]. For instance, the evaluation of matrix effects on 1-

methylhistidine and 3-methylhistidine was conducted by dividing six sources of urine into three 

groups,  each prepared in five replicates [48]. Group (A) was the “blank urine” samples containing 

the endogenous levels of the metabolites: group (B) was the “blank urine” samples spiked with 

standards at 3 × the lower limit of quantification (LLOQ), and (C) was neat solvent spiked with 

standards at 3× LLOQ. All groups were spiked with equal concentration of d3-3-methylhistidine 

as IS [48]. The ME% for the metabolites were calculated using peak areas according to Equation 

A.3: ME% = [(peak area B – peak area A) / peak area C] × 100. The IS-normalized ME, on the 

other hand, was calculated as per the EMA guidelines (Equation A.2) [31]. This approach, despite 

being promising had a critical drawback concerning the number of samples need to be prepared. 

Despite being only assessed at the LQC level, it required a total of 60 matrix containing injections 

(group A: six sources in five replicates and group B: six sources in five replicates), as well as 

adequate replicates of equivalent standards in neat solvent (i.e., total of 90 injections). In our 

perspective, the workload in this experiment can be substantially reduced by decreasing the 

number of replicates while maintaining the number of different matrix lots to a minimum of six. 

In such manner, the recommendations of the EMA are still being followed  [31].  

On the other hand, Lv et al.  [50] described Equation A.4 for the assessment of matrix 

effects for 14 urinary Alzheimer’s disease catecholamine biomarkers, in which ME% = ([(response 

ratio in spiked blank matrix-response ratio in blank matrix)/response ratio in equivalent standard 

solution] × 100). Unlike Equation A.3 in which the IS was not factored in the calculations, the 

response ratio in Equation A.4 is calculated as: metabolite peak area / IS peak area, and it is 

equivalent to IS-normalization. Despite the simplicity of assessment, this technique does not 
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provide any advantage over the method described by Hényková et al. [46] in terms of the 

experimental workload [50]. The significance of Equation A.4  is that it directly generates IS-

normalized MF values, from which the RSD% can be calculated [50], thus providing further 

simplification to the current EMA guidelines [31]. From our own experience in method 

development, we, however, recommend the need to evaluate both MF and IS-normalized MF, 

individually, for the metabolite and its IS specifically during method development. The 

information provided by these calculations can critically assess the suitability of the selected ISs, 

sample cleanup procedure and chromatographic separation. 

The EMA-derived equations are not the only approach for the evaluation of matrix effects. 

An alternative method is to compare the slope of the calibration curve for a metabolite standard 

prepared in a neat solvent versus that prepared in the biological matrix via standard addition [39]. 

The comparison can be achieved either through a modified Student t-test or through the generation 

of slopes ratio. Stanislaus et al. [51] quantified 18 acylglcyine (potential biomarkers of inborn 

errors of metabolism) in human urine through precolumn derivatization with 12C2/
13C2-p-

dimethylaminophenacyl reagent. Calibration curves were generated by spiking derivatized 

standards into neat solvent as well as into underivatized and derivatized urine to assess matrix 

effects. In addition, the approach allowed for the assessment of the suitability of underivatized 

urine in replacing the derivatized matrix. The slopes were compared using Equation A.5:  

Modified Student t-test= (b1-b2)/ Sb1-b2. Where b is the slope, the subscripts refer to the two 

regression lines being compared. Sb1-b2 is the standard error of the difference between regression 

coefficients and it is calculated as= [(S2
y.x)p/(Σx2)1 + (S2

y.x)p/(Σx2)2]
1/2, where (S2

y.x)p is the pooled 

residual mean square = (residual SS)1+(residual SS)2/(residual DF)1+(residual DF)2, SS is the 

sum of squares and DF is the degrees of freedom. No significant difference was observed between 
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the underivatized and derivatized urine. Accordingly, the former matrix was deemed appropriate 

to substitute derivatized urine in the preparation of validation samples [51]. 

Another  simpler alternative is comparing the slopes generated in the biological matrix and 

neat solvent via ratio generation [52, 53]. While a t-value can be used to accept or reject the null 

hypothesis [51], a range of acceptable ratio values, at the discretion of the investigators, can be set 

prior to matrix effects evaluation. For example, a slope ratio ranging from 0.9 to 1.1 was used to 

indicate negligible matrix interferences during the quantification of 18 amino acids in urine [52]. 

In contrast, a range of 0.82 to 1.22 was reported by another research team to indicate negligible 

matrix interferences from urine, feces and serum [54]. 

While a pre-set range of ratio values is acceptable, the assessment of matrix effects has 

also been reported using the relative standard deviation (RSD%) of the slope ratio [38]. This 

technique requires preparation of multiple calibration standards (at least 3) in both a neat solvent 

and biological fluid for the generation of statistically meaningful mean, standard deviation and 

RSD% values. This technique was used for a synthetic representative compound and its 

structurally related IS, in which a 7- point calibration set was prepared in neat solvent (n=5) as 

well as in 5 different lots of plasma [38]. The main purpose of this work was the investigation of 

matrix effects in relation to the ionization source. Using a heated nebulizer as the ion interface, the 

variability of the slopes in plasma was relatively small (Figure A.2) and insignificantly different 

from that calculated from neat solvent (RSD%: 3.5% plasma and 1.3% solvent) [38]. In contrast, 

when ion spray was employed, significant matrix effects were observed as the RSD% of the slopes 

varied: 0.9% and 14.9%, in solvent and plasma, respectively (Figure A.2) [38]. The authors 

attributed this observation to the higher susceptibility of ion spray ionization to matrix effects in 

comparison with a heated nebulizer. This conclusion was further confirmed by the reduction of the 
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RSD% values from 14.9% to 2.4%, when the calibration curves were constructed using a single 

plasma lot (i.e., similar matrix effects in replicates from the same lot) [38].  

 

 

Figure A.2. Comparison of the slopes of the standard curve of a tetracyclic-based compound 

prepared in five different lots of plasma and analyzed with HPLC interfaced to ion spray (ISP) and 

heated nebulizer (HN). Reprinted with permission [38]. 

 

Overall, each approach has its advantages and drawbacks. Modifications to the EMA 

equations demonstrate the closest assessment tool to regulatory guidelines and is potentially the 

simplest strategy. The slope ratio approach, despite its promising potential, is relatively new and 

not widely applied with no agreed upon acceptable values. Finally, using RSD% of the slope ratio 

is more time and resource-consuming, since multiple calibration sets are needed to be prepared in 

different lots of the same biological fluid. Researchers are advised to consider all these factors 

before adopting a method to assess matrix effects. However, we recommend the method described 

by Hényková et al. [46] since it provides detailed information on the effect of the matrix that is 
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essential during method development. In our own work, we adopted this approach since it 

represents the closest variant to the equations described by the EMA guidelines [55]. 

A.3.2. Minimization of Matrix effects  

In general, matrix effects are reduced at four main stages: (a) sample preparation, (b) 

chromatographic separation, (c) MS analysis or (d) calibration strategy via standard addition 

(discussed in details in Section 4.2.C) [34, 37-39]. While all four areas are important, the selection 

of an appropriate IS is a cornerstone for the control of matrix effects. Accordingly, this topic will 

be discussed as a separate section in details. The following sections contain selected studies which 

corrected matrix effects via one of the above four suggested approaches while quantifying mainly 

endogenous metabolites.  

Reducing matrix effects at the sample preparation stage can be achieved through sample 

dilution or extraction. However, loss of sensitivity due to dilution is expected and such an approach 

is used only for metabolites with high concentrations. For example, 39 mycotoxins of diverse 

polarity from wheat and maize kernels were compared [56]. The matrix effects in maize extract 

were more intense than those observed in wheat (e.g., the signal of aflatoxin B1 was 75% 

suppressed compared to 4% in maize) [56]. Ten-fold dilution of the extracts was attempted with a 

reduction in the overall matrix effects, including aflatoxin B1 (66% signal suppression). This 

dilution, however, compromised the sensitivity needed for quantification and accordingly 1:1 

dilution was finally adopted [56].  
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Sample extraction can also reduce matrix effects. Sample extraction is, however, hampered 

by the diversity in the physicochemical properties of the investigated metabolites and/or by the 

similarity in their physicochemical properties with the co-extracted impurities [37, 46, 56]. In fact, 

such challenges can render a selective extraction method unattainable [46, 56, 57]. For instance, 

only protein precipitation with methanol was employed for the extraction of 17 tryptophan-related 

metabolites from CSF and serum [46]. The authors acknowledged the lack of extraction selectivity 

due to the physicochemical diversity of the investigated entities and accordingly, appropriate ISs 

were included to account for interferences from the matrix [46]. In another example, four toxins 

that are biomarkers of diarrhetic shellfish poisoning were quantified in scallop tissues using LC-

MS [57]. The scallop hepatopancreas was subjected to liquid-liquid extraction and the MS 

responses of the toxins in the extract were 19-42% lower than those in neat solutions. Changing 

the extraction solvent was not successful, especially with the observed vast variation in matrix 

complexity between samples [57]. However, unlike the quantification of tryptophan-related 

metabolites [46], appropriate ISs were not available. As such, the single point standard addition 

technique was adopted, which requires the injection of the sample with and without a known spiked 

concentration of the standards [57].  

The next level to correct matrix effects is through the chromatographic system. LC/LC-

MS/MS was used to assess matrix effects in urine during the quantification of 4-nitrophenol and 

3-methyl-4-nitrophenol [45], in which the effluent from the first column (C18) was directed 

towards a second (alkylamide) column for further separation. Improved matrix effects (88%-

104%) was observed in comparison to the conventional LC-MS/MS platform. The latter technique 

suffered from extensive ion suppression in the external calibration mode (≥29% for 4-nitrophenol 

and ≥38% for 3-methyl-4-nitrophenol) and extensive ion enhancement while using d4-4-
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nitrophenol as IS for 3-methyl-4-nitrophenol (≤203%). This reduction in matrix effects is 

attributed to enhanced method selectivity with a second column of a different analyte-stationary 

phase interaction [45]. While this example discusses exogenous compounds, it highlights the 

potential utility of LC/LC in overcoming matrix effects. However, such improvement could be at 

the expense of analysis time. Reducing the stationary phase particle size offers another valuable 

modification strategy in the chromatographic system. It results in improved separation of the 

metabolites of interest with the simultaneous reduction in matrix effects [43]. This technique was 

adopted during the quantification of 18 bile acids in serum, in which the change in the particle size 

from 2.5 µm to 1.8 µm resulted in a 2-fold reduction of matrix effects [43]. Changes in MS analysis 

is another strategy to control matrix effects, and it is applicable to both exogenous and endogenous 

compounds, in which the ionization source is changed from ESI to APCI [38]. Further discussions 

on this topic are beyond the scope of this review.  

A.4. Internal Standards (ISs) in Targeted Metabolomics 

An IS accounts not only for analyte loss during sample preparation, but also for the errors 

prompted by the analytical platform that can eventually jeopardize the robustness of quantification 

(i.e., chromatography or MS-related) [58-62]. Accordingly, the use of chemical entities with 

identical or similar physicochemical properties to ISs becomes inevitable [58, 59, 62]. Figure A.3 

compiles the different types of ISs that can be available for metabolomics application. 
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A.4.1. Internal standards (ISs) selection 

A. Stable isotope internal standard (SI-IS) 

Stable isotope internal standard (SI-IS) is an isotopic form of the analyte of interest usually 

bearing deuterium (2H), 13C or 15N [58, 60, 62-65] (Figure A.3). SI-ISs have been extensively used 

in quantitative metabolomics to correct for matrix effects that can suppress the ionization of the 

metabolite by up to 85% [46]. Despite their wide use, deuterated ISs may not co-elute with their 

analytes due to differences in lipophilicity [62, 66, 67]. This phenomenon, known as the 

“deuterium effect” can be detrimental to quantitative analysis. For example, a 0.02 min difference 

between S-carvedilol and its d5-IS resulted in an inadequate correction of matrix effects in a 

specific lot of human plasma [66]. In contrast, 13C- and 12C- atoms exhibit identical 

physicochemical properties and hence, similar separation behavior during chromatographic 

analysis [64]. Deuterium exchange is another drawback and is exclusive to deuterated ISs where 

the deuterium bound to nitrogen or oxygen atom can be instantaneously interchanged with 

hydrogen during ionization [63]. The rare exchange of deuterium attached to a carbon atom has 

been also reported [68]. While there are few commercial sources that provide a wide range of 

isotopic products [69-71], in-house synthesis is quite common due to the unavailability of the 

desired product or due to its high cost [72].  
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Figure A.3. Internal standards (ISs) in a metabolomic workflow involving endogenous metabolites. Estradiol is used as a 

representative structure. ISs can be (A) an isotopic form of the metabolite; (B) a non-isotopic structural analogue; (C) isotopic structural 

analogue; (D), (F) and (E) internal standards produced by the derivatization of A, B and C, respectively; (G) the derivatized product of the 

metabolite of interest. All forms except (G), were used for the actual quantification of estradiol or related estrogens [64, 72-76]. 
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B. Non-isotopic structural analogue  

Structural analogues or compounds exhibiting similar psychochemical properties to the 

metabolites of interest (Figure A.3) [47, 73, 74] represent an inferior alternative to SI-ISs [61]. For 

instance, 14 potential biomarkers of hepatic cancer including spermidine and lysine were 

quantified in human urine and plasma with the use of only 1 structural analogue as IS, namely 1,6-

diaminohexane [47]. All metabolites eluted within 5 min, where the IS demonstrated a centered 

retention time in between the metabolites, and while the linearity and precision of the method were 

statistically acceptable, the data for accuracy was not clearly presented [47].  Similarly, an LC-

MS/MS method was developed where isocytosine, eluting at around 2.5 min, was used as an IS 

for the quantification of 13 potential urinary biomarker nucleosides that eluted over an 18 min time 

frame [73]. The nucleosides were injected at an extremely high volume (50 µL) and separated on 

150 mm ×2.1 mm ID C18 column at a flow rate of 0.2 mL/min [73]. Despite the large volume of 

injection and simple sample preparation from urine, the authors reported no matrix effects. In 

addition, the linearity range for the majority of the nucleosides extended over a 1,000-fold, but the 

weighing factor used for calibration was not reported [73]. Further, no sample stability studies 

were conducted. Finally, the authors only included the range of values for the calculated RSD% to 

support high method reproducibility despite the marginally acceptable results (14.92%) [73].  

From our own experience, structural analogues may be more challenging for the 

optimization/validation of an analytical method. In our lab, we used two structural analogues to 

quantify four phytosterols and four tocopherols in canola extract using an LC-APCI-MS/MS 

method (manuscript in preparation). Ractocol, one of the two ISs, was consistently failing the LQC 

and LLOQ of two tocopherols due to the fluctuations in its signal. A stable ion current of ractocol, 

and consequently acceptable LQC and LLOQ values were only obtained after tuning of the 
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instrument prior to sample analysis. This was achieved via the continuous infusion of ractocol 

while adjusting the position of the corona discharge needle of the APCI source. In general, we 

highly recommend extreme caution if structural analogues are selected as ISs during method 

development. Their usage should preferably be avoided if other isotopically-labeled ISs are 

available.  

C. Stable isotope structural analogue (SI-structural analogue) 

In order to overcome cost and availability challenges with multiple SI-ISs, a single SI-IS 

can be used for the quantification of closely eluting metabolites and can serve as a stable isotope 

structural analogue (SI-structural analogue) (Figure A.3C) [65, 75]. For example, in the protocol 

described by Klepacki et al. [75], 10 potential biomarkers of kidney dysfunction of high polarity 

and low molecular weight were quantified in urine. Metabolites were divided into five groups, 

based on their retention times on a hydrophilic interaction liquid chromatography (HILIC) column. 

An IS was assigned to each group as follows: glucose, oxoglutarate, sorbitol (d6-glucose), TMAO 

(d9- TMAO), creatinine (d3-creatinine), lactic acid, uric acid, hippuric acid (d5-hippuric acid) and 

citrate, succinate (d4-succinate). While some metabolites were quantified against their SI-ISs, 

others, such as lactic acid and uric acid were quantified against structurally irrelevant ISs with 

similar retention times. Although all metabolites eluted over a 1 min timeframe, the authors did 

not discuss the rationale towards the selection of the ISs and whether the use of fewer ISs 

compromised method robustness [75]. However, acceptable accuracy and precision as well as low 

matrix effects were demonstrated from the fully validated HILIC-MS/MS method [75]. 
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Similarly, isotopically labeled glutamine was used in the quantification of a set of six 

metabolites in urine that are of a biomarker importance in prostate cancer [76]. Interestingly, 

glutamine was not a potential candidate in this study. The authors did not specify the isotopic form 

of glutamine (13C- or d-containing), nor did they discuss the rationale behind the choice of this IS. 

Accordingly, it is not clear whether other SI-ISs were not commercially available at the time the 

study was conducted, or interferences imposed by other SI-ISs dictated the choice of glutamine. 

Despite the high precision of the method (RSD% less than 15%), the authors adopted a wider 

acceptance range for accuracy (80% to 120%) [76] than the recommended criteria of 85-115% by 

regulatory guidelines [31, 32]. Errors prompted by retention time differences between isotopically 

labeled glutamine and the investigated metabolites could be a potential reason for adopting higher 

acceptance limits for accuracy, however, no justification was provided by the authors [76]. 

D. Isotope-derivatized internal standards (ID-IS) 

Another variant of IS is called isotope-derivatized internal standards (ID-IS). An ID-IS is 

created by a pre-column derivatization reaction that targets a specific functional group within a 

molecule (e.g., amino, carboxylic and phenolic groups). In general, chemical derivatization 

provides various advantages in the analysis of complex samples using LC-MS/MS. Derivatization 

alters the physicochemical properties of small molecule metabolites resulting in significant 

improvements in their chromatographic separation and mass-spectrometric analysis. Most 

importantly, it converts the molecules into derivatized entities of exogenous nature [77-80].  

ID-IS can be created by having isotopic atoms located in the structure of either the IS 

(Figure A.3D and A.3E) or the derivatizing reagent (Figure A.3F). When isotope-containing ISs 

are available (i.e., SI-ISs or SI-structural analogues), a non-isotopic derivatizing reagent can be 
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used (Figure A.3D and A.3E) [81-86]. This technique has allowed for the analysis of trace level 

metabolites in oral fluids for forensic application [83]. However, its most common application has 

been in hormone analysis [81, 82, 85-87], allowing simpler sample preparation steps in comparison 

to other quantitative methods [88]. For instance, 15 endogenous estrogen metabolites were reacted 

with dansyl chloride and 5 ID-IS were created by reacting 5 SI-ISs with the same derivatizing 

reagent, a validated LC-MS/MS method was successfully developed [81]. The improved 

sensitivity allowed for the quantification of the target metabolites in pre- and post-menopausal 

women and in men using only 0.5 mL urine [81]. A non-isotopic structural analogue IS can also 

be combined with non-isotopic derivatizing reagent yielding a non-isotopic product (Figure 

A.3F), however, this technique is not widely adopted in MS-based studies. Xia et al. [89] reported 

the use of ethinyl estradiol in the quantification of estrone in mouse plasma and brain tissue using 

LC-MS/MS after dansylation. 

The other approach for generating ID-ISs is through the use of an isotopically labeled 

version of the derivatizing reagent (Figure A.3G) [78, 79, 90]. Through this approach, an IS is 

produced for every metabolite and a peak pair is observed, thus, providing further confirmation of 

identity [78, 79, 90]. This technique has been pioneered by Dr. Li’s group at the University of 

Alberta, Canada. It has been gaining momentum within the metabolomics community with the 

introduction of isotopic reagents with different chemical reactivity [78-80, 90]. For example, 

dansyl chloride coded by 12C2/
13C2-dimethyl amino group was used for the identification and 

relative quantification of amines [78], phenols [78] and recently alcohols [91]. 12C2/
13C2-p-

dimethylaminophenacyl bromide has been used for acids [51, 92], whereas d7-

bromoacetonylquinolinium bromide has been used for thiols [93, 94].  
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Despite the potential of ID-ISs, their application for absolute quantification of endogenous 

metabolites is increasing at a slow pace [51, 95, 96]. Possible reasons include the additional 

derivatization work load needed during method development and validation, in comparison to non-

derivatization (direct) methods, and the vigilance needed to avoid potential metabolite loss during 

the extra steps of sample handling [95, 97]. On the other hand, the analytical improvements 

introduced by ID-ISs can outweigh the associated workload. For example, they can aid in the 

unequivocal identification of the metabolite from closely eluting isobaric interferences [78, 95]. In 

an HPLC-MS/MS method for the quantification of dansyl-isoleucine, a potential biomarker of 

asthma and chronic obstructive pulmonary disease (COPD) [95], the analysis of derivatized urine 

revealed several chromatographic peaks, two of which were eluted at 0.25 min window from 

dansyl-isoleucine (Figure A.4A). Both quantifier and qualifier MRM transitions could not 

distinguish between the isomers (Figure A.4B). In fact, the human metabolome database (HMDB) 

revealed 10 detected and quantified urine metabolites with a nominal mass of 131 Da that can react 

with dansyl chloride, similar to isoleucine. Six of these metabolites are positional isomers of 

isoleucine [98, 99], which are expected to closely elute during chromatographic analysis. 

However, with the use of 13C2-dansyl-isoleucine IS, only 1 peak pair was formed due to the co-

elution 12C2/
13C2-dansyl-isoleucine (Figure A.4C) [95].  
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Figure A.4. Identification of dansylated-isoleucine in asthma patient urine sample in the presence of interfering co-derivatized 

metabolites, where (A) is extracted ion chromatogram (XIC) of 365.15>170 (Quantifier transition); (B) is XIC of 365.15>170 and 

365.15>350 (Quantifier and Qualifier transitions); (C) is XIC of 365.15>170, 365.15>350 (Quantifier and Qualifier transitions) and 

367.15>172 (13C2-dansylated-isoleucine as internal standard); and (D) is the structure of dansylated-isoleucine and its product ions. 

Reprinted with permission [95]. 
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A.4.2. Challenges and practices for IS optimization  

A. Internal standard purity and signal stability 

The assessment of IS purity is a necessity as isotopic forms are expected to contain traces 

of the non-isotopic analyte due to similar synthetic routes or reagent impurities [58, 60]. While the 

error prompted by impure IS is constant, its accepted criterion is not well-defined in the FDA or 

the EMA guidelines [31, 32]. The selectivity assessment for the analyte indicates that interference 

observed in blank matrix at the analyte channel should be less than 20% of the LLOQ [31, 32]. 

Accordingly, the starting practice to evaluate the purity of the IS is to spike the IS into an analyte-

free matrix used for sample preparation. The interference observed at the analyte channel should 

be integrated and compared to the LLOQ [58]. If higher purity of IS is not applicable, the 

concentration of the IS can be adjusted accordingly to give an interference of less than 20% by 

reducing its concentration [58].  

A second possible source of interference is related to the inconsistency of the IS signal due 

to the surrounding matrix. A SPE-LC-MS/MS method was developed and validated for the 

quantification of piperaquine in plasma, whereas d6- piperaquine was used as a SI-IS [100]. The 

extraction procedure involved the addition of 19 µL triethylamine and the evaporation of the 

solvent under a gentle stream of air in a water bath at 70 ºC [100]. It was found that triethylamine 

residue from incomplete evaporation suppressed the ionization of piperaquine and d6- piperaquine 

differently, resulting in quantification error of up to 50% [100]. In order to overcome this problem, 

the samples were allowed to dry for an additional hour under the same conditions after they were 

visibly dry. The authors attributed this finding to the slight differences in lipophilicity between the 

analyte and its IS, resulting in the co-elution of the analyte only with traces of the ion suppressive 
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triethyamine residue [100]. Similarly, in the area of cholesterol drug development, Jemal et al. [44] 

reported that d7-mevalonic acid, the SI-IS for mevalonic acid experienced a different extent of 

matrix effects with the change of the urine batch [44]. The conclusion was that similar behavior is 

likely to occur with other ISs in different assays, and therefore, proper attention should be paid to 

matrix effects evaluation on both the analytes and their ISs during method development [44].  

In a more comprehensive evaluation of the challenges associated with the use of ISs, Tan 

et al. [61] discussed 12 different analytical troubleshooting issues in which the ISs varied  

unexpectedly in their intensities while being used in various validated bioanalytical methods [61]. 

Causes such as procedural, instrumental or human errors were suggested in addition to matrix 

effects. It was difficult to provide a clear common conclusion of whether the variations in the 

intensity of the ISs could dramatically impact quantification or not [61]. However, the use of ISs 

that co-elute with their analytes (i.e., 13C-analogues) was highly recommended [61].  

In summary, although the IS’s signal instability can be detrimental in LC-MS/MS 

quantitative metabolomics, the use of SI-IS or ID-IS, specifically 13C-containing, remains the best 

currently available strategy to correct for matrix effects or other variations during analysis. 

Nonetheless, it remains crucial to monitor the signal of the IS during routine sample analysis and 

identify any red flags [44, 58, 61, 100]. 

 

 

 

 



 

339 
 

B. Concentration of the IS 

In general, neither the FDA nor the EMA specify a recommended concentration of the IS 

in the calibration standards relative to its analyte [31, 32]. A common practice is to spike the SI-

ISs or ID-ISs at concentrations within the linear range of their respective metabolites [58, 95]. 

However, optimization of the IS concentration remains fundamental, especially when 

quantification errors can be prompted by the ion suppression/enhancement effects induced by the 

IS or the metabolites. For instance, Liang et al. [101] demonstrated that the signals from proprietary 

drugs in pure solvents during ESI and APCI were suppressed up to 88% upon the addition of the 

ISs. This is detrimental to trace metabolite analysis leading to higher LLOQ and loss of sensitivity 

[102, 103]. Accordingly, lower concentrations of IS should be endorsed [58]. On the contrary, 

Remane et al. [103] found that the higher the concentration of antidepressant drugs, the more ion 

suppression observed in the signals of the SI-ISs. In our own work, we noticed a decrease in the 

performance of the calibration curves of selected dansylated metabolites with the decrease in the 

concentration of the 13C2-ID-ISs (Figure A.5A  and A.5B) [95]. With only two mass-unit 

difference, the 13C2-dansylated ID-ISs were in the isotopic envelope of their analogous 12C2-

derivatized metabolites. Accordingly, the influence of the second naturally-occurring 13C2 isotopic 

peak of the derivatized metabolite with m/z value (+2 mass units) similar to that of the 13C2-ID-IS 

channel was more profound with the decrease in the 13C2-ID-IS concentration [95]. Therefore, the 

method was optimized using a concentration of the 13C2-ID-ISs at 66.67% of the ULOQ (Figure 

A.5C) [95].  
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In fact, it is recommended for an isotopic IS to differ from its analogous metabolite by a 

minimum of 3 mass-units to avoid cross talk or isotopic overlap during MS analysis [58, 60]. 

However, due to the limited availability of SI-ISs and isotopic reagents needed for ID-ISs 

synthesis, this mass difference might not be feasible. In addition, the incorporation of large number 

of deuterium in isotopic ISs may lead to deuterium effects [64]. Our attempt to increase the mass 

difference in dansylated ID-ISs using deuterium was not successful. We synthesized d6-dansyl 

chloride in our lab and compared it to 13C2-dansyl chloride. Unfortunately, significant deuterium 

effects were observed between 12C2-derivatized metabolites and their deuterated counterparts thus 

rendering d6-dansyl chloride unsuitable for quantification (Figure A.6).  

Finally, unlike the common practice, SI-ISs can be spiked at concentrations outside the 

linear range of their metabolites if necessary [55]. We developed and validated a HILIC-MS/MS 

method for the quantification of 7 polar metabolites, including glucose, in urine [55]. The formate 

ion adduct of glucose, monitored in the negative ion mode at m/z 225.1>179.1, was at least 10-

fold more intense than any other transition for glucose. Similar ionization behavior was observed 

for d2-glusose IS (Figure A.7A). However, the use of the analogous transition (i.e., m/z 

227.1>181.1) in the urine samples was severely compromised by an unknown endogenous 

interference at the same MRM channel (Figure A.7B). Unfortunately, an alternative MRM 

transition for d2-glusose at m/z 227.1>121.1 was significantly lower in signal intensity, which was 

chosen to avoid the observed interference. Due to low intensity signal, d2-glusose IS was spiked 

at a concentration twice the ULOQ of glucose to produce quantifiable m/z 227.1>121.1 signal 

(Figure A.7C). 
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Figure A.5. Calibration curves of 13C2-dansylated-tryptophan constructed using three different 

concentration levels of spiked 13C2-dansylated tryptophan internal standard, in which level (A) is 

at 1.3% of the ULOQ; level (B) is at 16.67% of the ULOQ; and level (C) is at 66.67% of the 

ULOQ. Accuracy % of calibration standards demonstrates unacceptable values (highlighted) with 

the decrease in internal standard concentration (right panel) Reprinted with permission.[95]. 



 

342 
 

 

Figure A.6. Retention time differences (in seconds) between 17 dansylated metabolites and their 

d6-dansylated internal standards on C18 column (10 cm × 2.1 mm ID, 5 µm) using a gradient binary 

mobile phase system. Changes of the gradient program is demonstrated in the background against 

chromatographic run time. Metabolites are arranged according to their elution order using 

approximate retention time values [95]. TAU: taurine, ASP: asparagine, ARG: arginine, GLU: 

glutamine, 1MH: 1-methylhistamine, SER: serine, ETNH2: ethanolamine, THRE: threonine, GLY: 

glycine, ALA: alanine, SAR: sarcosine, VAL: valine, TRP: tryptophan, ISO: isoleucine, LYS: 

lysine, HIS: histidine, TYR: tyrosine.
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Figure A.7. Extracted ion chromatogram of (A) d2-glucose internal standard in 80% acetonitrile monitored at m/z 227>181.1 and (B) 

the unexpected interference in urine samples also observed at m/z 227>181.1 (no IS is added). Changing the quantifier ion transition of 

d2-glucose internal standard to m/z 227>121.1 (C) successfully eliminated the interference previously observed at m/z 227>181.1. 

Reprinted with permission [55].  
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A.5. Blank Matrices for Method Validation  

According to the FDA and the EMA [31, 32], validation should demonstrate the reliability 

of an analytical method to quantify a particular compound in a specific biological matrix. 

Therefore, calibration standards and QC samples are ideally prepared by spiking reference 

standards into an analyte-free matrix identical to that of the study samples [31, 32]. However, when 

endogenous metabolites are being quantified, other approaches should be explored to overcome 

the scarcity of the blank matrix. In the following sections, the types of matrices that can be used 

for LC-MS/MS method development and validation in targeted metabolomics are described 

through selected examples. Figure A.8 is a suggestive flowchart that can aid analysts in selecting 

proper alternative matrices for their target endogenous metabolites.  

A.5.1. Surrogate matrices 

A. Solvents 

The simplest approach for a surrogate matrix involves the use of neat solvents for the 

preparation of calibration standards and QC samples (Figure A.8) [54, 62, 104]. For instance, 11 

microbiota-host endogenous co-metabolites were quantified in rat serum, urine and feces using an 

ultra high-performance liquid chromatography (UPLC)-MS/MS method with polarity switching 

and two non-isotopic structural analogue ISs [54]. The authors used the slope ratio method (i.e., 

slope of calibration curve in biological sample/ slope of calibration curve in acetonitrile: water 

(validation matrix)) to ascertain the absence of problematic matrix effects [54]. This matrix lacks 

any interfering salts or metabolites. It minimally meets the specifications recommended by the 

FDA and the EMA for the choice of blank matrix [31, 32]. In our opinion, this type of matrix 

should be used only after other alternatives have been explored and excluded. 
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Figure A.8. Suggested workflow for the selection of an appropriate blank matrix essential in bioanalytical method validation for 

endogenous metabolites. Surrogate matrix is a synthetic substitute of the biological matrix. Authentic matrix is real biological sample, 

in which endogenous levels of metabolites have been corrected.  Blue-colored box represents the starting point; green-colored boxes 

indicate the two main type of matrices (surrogate vs. authentic); and yellow boxes represent possible means for utilizing surrogate and 

authentic matrices. 
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B. Artificial matrices 

A mixture of the most abundant endogenous metabolites (excluding target metabolites) and 

salts of a particular biological matrix can be combined into an artificial medium (Figure A.8) [65, 

105, 106]. This is an appealing alternative especially when the volumes of the biological samples 

are scarce [106]. Different formulas for artificial urine [106-108], semen [106, 109], vaginal fluid 

[106, 109], saliva [106, 110, 111], CSF [106, 112, 113] and tears [106, 114] can be found in the 

literature. Commercial sources of artificial matrices are also available. However, based on our best 

knowledge, the complete list of constituents is usually proprietary and not always revealed by 

suppliers [115-117]. This can be problematic since the metabolites of interest can be included in 

the commercial recipes. For example, 2% bovine serum albumin (BSA) in phosphate buffer saline 

(PBS) is a serum substitute demonstrating considerable endogenous levels of homocysteine, a 

potential biomarker of vascular diseases. This complicates method development for its 

quantification in serum [49]. Rather than correcting endogenous levels by subtraction, the authors 

used the total content of homocysteine in their calibration standards as the nominal concentration 

(i.e., the additive amount of endogenous and exogenously spiked concentration) [49]. QC samples 

were prepared in 2 different matrices, namely pooled human serum (3 levels) and 2% BSA in PBS 

(4 levels), ensuring the full validation of the analytical method [49]. While the preparation of QC 

samples in 2 matrices is unconventional, the approach allowed for adequate method validation 

[49].     

Artificial matrices may present a challenge in developing robust methods due to the 

absence of other endogenous interferences that usually exist in the original matrix. For instance, 

we investigated the use of artificial urine during the quantification of pyruvic acid (a potential 

biomarker of asthma) using HILIC-MS/MS [55]. An elevated baseline for pyruvic acid was 
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observed in patient urine samples, leading to lower signal-to-noise ratio in comparison to the 

artificial matrix. As such, developing the method in the artificial matrix was not reflective of the 

potential interferences in the biological fluid. As such, this approach was incorrect [55]. Similarly, 

during the quantification of amyloid β peptide (a potential biomarker of Alzheimer’s disease), 

artificial CSF lacked the amyloid binding proteins necessary for mimicking human CSF samples 

[112]. Rat CSF was used instead for method development and validation [112]. Artificial matrices 

may also cause contamination, for example, PBS augmented the ion suppression effects of 

nucleotides biomarkers and its usage required frequent ion source cleaning [36]. For this reason, 

Klawitter et al. [36] developed their method in 6% BSA in isotonic saline for the quantification of 

11 nucleotides in rat tissues.  

Overall, the challenges with artificial matrices are likely under documented, since 

published work is mostly biased towards positive results. Ocque et al.  [118] used PBS (pH 7.4) 

during the validation of a UPLC-MS/MS method for the quantification of trimethylamine N-oxide, 

choline and betaine in human plasma and urine (metabolites associated with atherosclerosis). 

Calibration standards and three levels of QC samples were prepared in PBS. On the other hand, 

participants plasma and urine samples were extracted using methanolic SI-ISs, and the extracts 

were further diluted with acetonitrile: methanol (75:25) [118]. No rationale was provided on the 

reason for fully validating the method in PBS while adopting a different sample preparation 

procedure for the biological specimen [118].  
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A5.2. Authentic matrices 

A. Authentic matrix in QC samples 

Apart from synthetic remedies, the authentic biological matrices can be incorporated into 

the validation samples, thus mirroring the composition of the study samples (Figure A.8) [32, 52, 

119]. The biological matrix can be incorporated in the QC samples and the additive content can be 

used as the expected concentration. This approach, in fact, has been recommended by the newest 

edition of the FDA guidelines for endogenous compounds [32]. Joyce et al. [52] prepared their QC 

samples by spiking metabolite standards into urine pooled from 646 sample during the 

quantification of 18 amino acids. Calibration standards, on the other hand, were prepared in neat 

solvents [52]. Despite demonstrating acceptable validation data, one shortcoming of this study was 

the addition of the IS after protein precipitation with acetonitrile. Accordingly, losses during 

extraction were not accounted for [52]. From our experience, this approach may represent a 

challenge for methods validated for routine applications, in which the endogenous metabolites in 

pooled samples, used in QCs preparations, may degrade over time. Therefore, we recommend the 

periodic assessment of the potency of the metabolites in the pooled matrix. A possible alternative 

to bypass such hurdle is the correction of endogenous levels as demonstrated below. 

B. Authentic matrix in validation standards 

Authentic biological matrix can be incorporated in both the calibration standards and QC 

samples (Figure A.8). Endogenous metabolite interference can be corrected through three  

approaches: (I) subtraction of peak area of endogenous levels [47, 120], (II) dilution of the 

biological matrix [75] or (III) endogenous metabolite depletion (Figure A.8) [112, 121, 122]. An 

example of the first approach is the work conducted by Li et al. [120]. Pooled plasma samples 
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were spiked with appropriate standards for calibration and QC samples preparation during the 

quantification of 6 amino and keto acids. SI-IS of leucine (13C-analogue) and salicylic acid 

(structural analogue IS) were utilized for quantifying the six metabolites, while employing polarity 

switching after the first 3.5 min from the positive to the negative ion mode  [120]. Peak areas from 

endogenous levels in the pooled samples (prior to spiking) were subtracted from total peak areas 

prior to the generation of calibration curves. The method demonstrated acceptable validation data 

for regression, accuracy, precision and stability [120]. One drawback of this approach is the 

relatively lower sensitivity of the developed methods in comparison with the use of surrogate 

matrix [106]. The LLOQ is constrained by the naturally-existing levels of the target endogenous 

metabolites since these levels are factored as a “noise” in the blank matrix during the assessment 

of method selectivity [106]. In order to achieve higher sensitivity, low concentrated study samples 

can be used for the preparation of the pooled matrix [44]. However, this approach involves the 

initial screening of the study samples, which can be time consuming [44].  

The second option is diluting the pooled matrix prior to the preparation of the validation 

samples (Figure A.8). For instance, while quantifying potential biomarkers of kidney dysfunction 

a 1:5000 dilution step of urine prior to spiking it with metabolite standards for the preparation of 

validation samples [75]. Patient urine samples, however, were optimized at a dilution of 1: 40 [75]. 

A key challenge with this approach occurs when multiple metabolites are quantified in the context 

of varying endogenous levels. This renders a single dilution factor inapplicable [106].  

The third option uses chemical, mechanical or immunological pretreatment to remove 

endogenous levels of metabolites from the matrix before validation (Figure A.8) [112, 121]. For 

example, pooled human plasma samples were incubated at 37 °C for 2 h to remove endogenous 

thymidine during the validation of an LC-APCI-MS/MS method for its quantification [121]. 
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Stripping authentic biological samples with activated charcoal can remove several metabolites, 

and has been used for many validated assays (Figure A.8) [106, 122, 123]. The associated 

drawback with this approach includes the incomplete removal of endogenous metabolites even 

from commercial sources that claimed to be analyte-free (Figure A.9) [112, 122]. Another 

challenge is the alteration of the matrix from its original composition and the introduction of 

exogenous interferences from residual charcoal [106, 112]. 

 

 

Figure A.9. Extracted ion chromatograms showing the incomplete stripping of progesterone from 

plasma with activated carbon; in which; (A) buffer; (B) stripped plasma; (C) stripped plasma 

spiked at 20 pg/mL; and (D) authentic plasma at a low endogenous concentration (66 pg/mL). 

Reprinted with permission [122]. 
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C. Authentic matrix via standard addition 

Authentic biological matrix can be employed for method development without endogenous 

level correction through the standard addition technique (Figure A.8) [43, 53, 106, 122]. Standard 

addition overcomes the difference in composition from one sample to another, and consequently, 

provides an appropriate correction of matrix effects [53, 57].  However, the need for larger sample 

volume and longer time of analysis in comparison to conventional strategies is a major drawback 

that hinders its widespread application in metabolomics. It also requires the prior establishment of 

linearity ranges [106, 122]. In addition, full validation, as described by different regulatory bodies 

[31, 32], cannot be directly pursed.  

D. Authentic matrix and surrogate analyte 

In this approach, three different entities are of interest, i.e., the target metabolite, its IS and 

the surrogate analyte. The response ratio of the surrogate analyte to the IS is extensively used 

during method development and validation, while the response ratio of the metabolite to its IS is 

calculated for clinical data acquisition. The surrogate analyte is an isotopic form of the metabolite 

spiked at increasing concentration in the authentic matrix for calibration standards preparation, in 

the presence of the endogenous non-isotopic counterpart. The IS is ideally a second different 

isotopic form of the metabolite [84, 124, 125]. However, other forms of the IS have been used 

such as d3-octanyol carnitine as an isotopic structural analogue during the quantification of 

potential biomarkers of β-oxidation in mice (acetyl and palmitoyl carnitines) [126]. The calibration 

curves are then constructed using the peak area ratio of the surrogate analyte and the IS vs. the 

surrogate analyte concentration [84, 124-126]. The regression equation is modified by including a 

response factor (RF) (Equation A.6) [125]. This factor is intended to account for the difference in 
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ionization efficiency between surrogate analytes and their metabolites or to correct for the presence 

of any isotopic effects [125].  

Equation A.6: Concentration metabolite = [(Area metabolite / Area IS)*RF –b]/a,                                                      

, where RF= Area surrogate analyte/Area metabolite, at equivalent concentration,                                                           

a is the slope and b is the intercept of the regression line. 

Despite the usefulness of the surrogate analyte technique, the lack of appropriate software 

for quantification remains a challenge. The calibrators and the study samples need to be processed 

separately since each sample group identifies a different isotopic form of the metabolite as the 

analyte of interest [126]. Another challenge was demonstrated by Kindt et al. [127] during the LC-

MS/MS quantification of myo-inositol in rat brain tissue (a potential biomarker of neurological 

disorders). The surrogate analyte d6-myo-inositol was unable to provide adequate accuracy and 

precision data. The authors attributed this to the probable difference in signal-to-noise ratio 

between the different isotopic forms [127]. In summary, we emphasize that the use of the surrogate 

analyte technique without the inclusion of an IS (i.e., external calibration method) might not 

provide the level of accuracy expected from the developed assay.  

E. Authentic matrix and ID-IS 

As previously described, pre-column derivatization transforms metabolites into new 

entities that are not endogenously present in the sample [51, 77-80, 95]. As such, underivatized 

authentic biological matrices can be used for the preparation of validation samples [51, 96]. The 

authentic biological matrix can be also exposed to all steps of derivatization similar to patient 

samples while replacing the derivatizing reagent with a solvent [95]. In this manner, a matrix can 
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be generated to closely mimic the experimental conditions to which real biological samples are 

exposed to (i.e., heat, salts and buffers) [95].  

In summary, the optimization of the blank matrix and the IS is integral to the development 

of robust LC-MS/MS methods in the context of endogenous metabolites. With the absence of 

adequate guidelines, the analyst may pursue additional experiments to ensure sufficient method 

validation. For instance, an LC-MS/MS method was developed for the quantification of glycine in 

CSF (a potential biomarker for psychiatric disorders) [84]. ID-IS was generated using dansyl 

chloride and 13C2
15N-glycine. While the use of the authentic matrix is appropriate, the authors 

pursued their validation in an artificial CSF. To further validate their approach, the authors 

demonstrated the comparable results of their method to that of the standard addition technique as 

well as the surrogate analyte approach using 13C2-glycin [84]. 

A.6. Closing remarks 

Metabolomics research aims at the identification of endogenous and exogenous 

metabolites that are sufficiently altered in a stressed biological state. The qualification of candidate 

biomarker metabolites for clinical application requires robust validated assays of high specificity. 

Herein, we discuss three main challenges for endogenous metabolite quantification, which unlike 

xenobiotics, are still growing fields of research. While a common consensus has been reached that 

13C-containing isotope internal standards should be always sought first, a similar consensus for 

matrix effects evaluation and blank matrix selection, in the context of endogenous metabolites, is 

not yet well-established. Each technique has its advantages and disadvantages suggesting a trial 

and error approach with a final decision based on analytical performance. Finally, the newest 

edition of the FDA guidelines (May 2018) has included separate sections for biomarkers and 
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endogenous compounds, reflecting their potentials in improving disease diagnoses and 

personalized medicine [32]. In conclusion, a rich discussion on LC-MS/MS method development 

and validation challenges as well as a comprehensive review on the currently available approaches 

to address these challenges were reviewed. The synthesized knowledge in this paper will aid 

researchers and clinicians validate identified endogenous biomarkers and translate the knowledge 

from the discovery stage to clinical practice.  
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APPENDIX B: Preliminary method development for the quantification of 3-

bromotyrosine, 3-chlorotyrosine and leukotriene E4 in urine using LC-

MS/MS 

This appendix is intended as a summary to guide future optimization in sample preparation 

and analysis for the investigated metabolites; 

B.1. Introduction 

3-Bromotyrosine (Br-TYR), 3-chlorotyrosine (Cl-TYR) and leukotriene E4 (LTE4) 

represent the fourth group of potential urinary biomarkers that can aid in the differential diagnosis 

of asthma and COPD (Figure B.1). The inflammatory process of asthma has been shown to 

produce Br-TYR [1], while that of COPD produces Cl-TYR [2]. In asthma, eosinophil peroxidase 

forms hypobromous acid which preferentially brominates protein tyrosine residue to form Br-TYR 

[1]. In COPD, Cl-TYR is formed in a similar pathway through myeloperoxidase enzyme located 

in the neutrophils which analogously produces hypochlorous acid [2]. On the other hand, LTE4 is 

a lipid mediator and a signaling molecule of inflammation and oxidative stress in various diseases. 

Its urinary levels were found to increase in response to asthma [3] and smoking [4]. 

BR-TYR has been quantified in various biological matrices by gas chromatography-mass 

spectrometry (GC-MS) [5-7] and high-performance liquid chromatography- tandem mass 

spectrometry (HPLC-MS/MS) [1, 8] either in its free form [1, 6, 7] or after protein hydrolysis [5, 

8]. In contrast, Cl-TYR has been only quantified using GC-MS [5, 9]. In fact, a comparative study 

between GC-MS and LC-MS/MS methods for analyzing BR-TYR and Cl-TYR has revealed that 
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the former platform is 100-fold more sensitive than the latter [7]. In the case of LTE4, there are 

several established LC-MS/MS methods for its quantification in urine [3, 4, 10, 11].  

Regardless of the analytical platform, sample preparation for Br-TYR, Cl-TYR or LTE4 

necessitates proper extraction and pre-concentration steps due to the trace levels of these 

biomarkers in biological matrices. Solid phase extraction (SPE), using C18 sorbents and various 

strengths of aqueous methanolic solution for elution, is the mainly utilized sample preparation 

technique for these biomarkers [3, 5-10]. Liquid-liquid extraction of LTE4 has been also reported 

[4, 10]. 

Herein, we present the preliminary method development for the quantification of three 

asthma and COPD biomarkers in urine. To the best of our knowledge, the simultaneous 

determination of the investigated metabolites using a single LC-MS/MS method has not been 

documented. In fact, literature review revealed that Mita et al. [12] and Higashi et al. [13] studied 

the quantification of Br-TYR, Cl-TYR and LTE; in which, GC-MS was used for Br-TYR and Cl-

TYR, while immunoassay was used for LTE. 

 

Figure B.1. Chemical structures of Cl-TYR, Br-TYR and LTE4 

 

 

 

NH2

O

OH

OHBr

Br-Tyrosine

NH2

O

OH

OHCl

Cl-Tyrosine CH3

OH

O

OH

S

OH

O

NH2

LTE4



 

370 
 

B.2. Materials and Methods 

B.2.1. Reagents and Chemicals 

Reference standards were purchased as follows; Br-TYR (98%) from Abcam (Cambridge, 

UK); Cl-TYR (97%) from Sigma Aldrich (ON, CA); and LTE4 (97%) from Cayman Chemical. 

Optima® LC-MS grade acetonitrile (ACN), methanol (MeOH) and water were purchased from 

Fischer Scientific (ON, CA). All other reagents and standards were obtained from Sigma Aldrich 

(ON, CA).  

 B.2.2. Instrumentation 

Chromatographic separation was achieved on an Agilent 1290 infinity UPLC system (ON, 

Canada). A 1290 infinity autosampler maintained at 4 ºC was used to inject 10 µL solutions for 

separation on an Ultra-Biphenyl 5 um, 100 × 2.1 cm column (Restek, USA) maintained at 30 ºC. 

A gradient binary mobile phase system composed of (A) 20% MeOH in 0.1% acetic acid and (B) 

0.1% acetic acid in ACN was set to flow at 200 mL/min. Gradient elution was achieved in the 

following program: time (%A); 0(100), 0.5(100), 4(75), 6.5(20), 9(20), 10(1), 13(1), 13.1(100), 

20(100). 

Following separation, column effluent was directed to an AB Sciex 6500 API QTrap (AB 

Sciex, ON, Canada). Quantification was performed in the positive ion mode. Table B.1 

summarizes the MS/MS parameters used for quantification. Initial optimization experiments 

investigating the fragmentation pattern of each metabolite were conducted using direct infusion. 

A Harvard syringe pump, set at 10 µL/min, was used for the injection of each individual analyte 

after dilution in the mobile phase. The ion source temperature was fixed at 250 ºC and the scan 

range was set at m/z 50–500. Data analysis was achieved using Analyst 1.6.2® software 
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Table B.1. MRM parameters for the determination of the investigated metabolites 

 

Metabolite 

Parameter1 

Precursor ion Product ion CE2 

3ClTYR 216 

218 

216 

1703 

172 

199 

18 

18 

15 

3BrTYR 260 

262 

260 

2143 

216 

243 

20 

20 

16 

LTE4 440 

440 

440 

3013 

189 

319 

15 

20 

12 

 

1Declustering potential= 35, curtain gas= 40, ionspray voltage= 5500, source temperature= 350, 

GS1= 60, GS2= 70, Dwell time= 50 msec. 

2Collision Energy 

3Quantifier ion 
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B.2.3. Standards and Urine Mixture Preparation 

Reference standards solutions of Cl-TYR and Br-TYR were prepared at 1 mg/mL in water. 

LTE4 was prepared by 10-fold dilution of 100 µg/mL ethanolic stock in MeOH. A working stock 

solution of all metabolites was prepared in water at 1 µg/mL. For the preliminary assessment of 

linearity via external calibration, serial dilutions of the working stock solution were achieved in 

20% MeOH to cover the range from 100 pg/mL to 15 ng/mL. The solutions were transferred to 

HPLC vials for LC-MS/MS analysis. 

B.2.4. Preliminary Sample Extraction Trials 

The extraction of the metabolites was evaluated using a urine sample collected from a 

healthy male volunteer after obtaining an informed consent. Urine aliquots were spiked with the 

working stock solution to yield 200 ng/mL of each metabolite standard in the urine mixture. Three 

different types of SPE sorbents were investigated including two technologies for each type. 

Sorbents were grouped as follows; reversed phase (RP)-based [Supelclean ENVI- C18 (Supelco®, 

500 mg, 3CC) and HyperSep Retain-PEP], anion exchange phase-based [HyperSep Retain-AX 

and Bond Elut SAX] and cation exchange phase-based [HyperSep Retain-CX and Bond Elut 

SCX]. HyperSep Retain SPE cartridges were purchased from Thermo Fischer® (500 mg, 6CC), 

whereas Bond Elut were from Agilent® (500 mg, 6CC). 
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The selected SPE cartridges were divided into three groups; in which group A includes RP-

based sorbents, group B includes anion exchange based-sorbents and group C contains cation 

exchange based-sorbents. The extraction procedures were conducted as summarized in Table B.2. 

Loading solutions were vortexed at 14,000 rpm and the supernatant solution was used for 

extraction. Cartridges were allowed to dry for 10 min under vacuum following column washing. 

Eluted samples were 10-fold diluted with 20% MeOH and transferred into HPLC vials for analysis. 

 

Table B.2. Preliminary extraction trials for the investigated metabolites from the urine matrix  

Extraction step Group A:  

Reversed phase 

Group B:  

Anion exchange phase 

Group C: 

Cation exchange phase 

Preconditioning a) 6 mL MeOH 

b) 4 mL water 

c) 2 ml 0.5% acetic acid 

a) 6 mL MeOH 

b) 4 mL water 

c) 2 mL 5% NH3 

a) 6 mL MeOH 

b) 4 mL water 

c) 2 mL 5% FA 

Loading  4 mL of:  

urine mixture: 1% acetic 

acid (50:50) 

4 mL of:  

urine mixture: 10% 

NH3 (50:50) 

4 mL of:  

urine mixture: 10% FA 

(50:50) 

Washing   2 mL 0.5% acetic 

acid 

 2 mL 5% MeOH 

 2×2 mL 5% NH3  2×2 mL 5% FA 

Elution  2×2 mL MeOH  2×2 mL 5%FA in 

MeOH 

 2×2 mL 5% NH3 in 

MeOH 

FA= Formic acid, MeOH= Methanol 
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B.3. Preliminary Results and Discussion 

B.3.1. Chromatographic and Mass Spectrometric Methods Optimization 

Cl-TYR and Br-TYR exhibit a significant difference in hydrophobicity in comparison to 

LTE4, in which the predicted logP values, calculated using ChemAxon®, were reported in the 

human metabolome database (HMDB) as -0.89, -0.72 and 2.02, respectively [14]. As such, Cl-

TYR and Br-TYR were poorly retained on a C18 stationary phase (5 and 10 cm columns). A 

Biphenyl stationary phase was selected to increase their retention through π-π interaction using a 

20% MeOH component in mobile phase A [15]. The addition of 0.1% acetic acid in the mobile 

phase significantly improved the peak shape and the sensitivity for Cl-TYR and Br-TYR in 

comparison to formic acid (FA) (0.01-0.2%), whereas the sensitivity for LTE4 was slightly 

reduced (Figure B.2). The final mobile phase was optimized as (A) 20% MeOH in 0.1% acetic 

acid and (B) 0.1% acetic acid in ACN. Increasing the source temperature (>400 °C) improved the 

spray de-solvation and the ionization processes of Br-TYR and Cl-TYR (Figure B.3). However, 

as expected, a significant reduction in peak area of LTE4 was observed due to the highly organic 

mobile phase needed for its elution (Figure B.3). As a result, the source temperature was kept at 

350°C. Figure B.4 represents the LC-MS/MS chromatogram using the preliminary method of 

analysis. For each metabolite, one multiple reaction monitoring (MRM) transition was used for 

quantification (Table B.1), whereas two MRM transitions were used for the confirmation of 

identity. Figures B.5, B.6 and B.7 are the fragmentation pathways and MS/MS spectra of Cl-TYR, 

Br-TYR and LTE4 respectively. 
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Figure B.2. Extracted ion chromatogram (XIC) of the investigated metabolites using formic acid 

and acetic acid as mobile phase additives in the preliminary LC-MS/MS method. FA= Formic 

acid, AA= acetic acid 

 

Figure B.3. Extracted ion chromatogram (XIC) of the investigated metabolites using different 

ion source temperatures  

250°C 

450°C 
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Figure B.4. Extracted ion chromatogram (XIC) of the investigated metabolites using the 

preliminary LC-MS/MS method, concentration of the metabolites= 5 ng/mL 
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Figure B.5. The fragmentation pathways and MS/MS spectrum of Cl-TYR 
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Figure B.6. The fragmentation pathways and MS/MS spectrum of Br-TYR 
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Figure B.7. The fragmentation pathways and MS/MS spectrum of LTE4, with the aid of [16] 
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B.3.2. Linearity and Internal Standards Optimization 

The reported concentration of the investigated metabolites in urine was difficult to be 

interpreted from published data, specifically for Br-TYR and Cl-TYR, since values are stated after 

creatinine normalization. However, a rough estimate for concentration is the pg to ng range [1, 

11]. Consequently, a highly sensitive method is needed for their quantification. Preliminary 

linearity in 20% MeOH was established between 100 pg/mL to 15 ng/mL via external calibration. 

However, sensitivity is expected to be compromised due to the residual matrix effects in the 

extracted samples. Tyrosine was found to be an inadequate structural analogue internal standard 

to all metabolites. This finding suggests that this method can be only developed using isotope 

labeled internal standards.  

B.3.3. Preliminary Extraction Method Development  

C18 SPE phases have been used for the extraction of Cl-TYR, Br-TYR and LTE4. However, 

the major difference in extraction is the strength of the organic component of the elution solvent. 

While 25% MeOH has been used for the extraction of Br-TYR [12], 100% MeOH is the typical 

elution solvent for LTE4 [10]. Sample preparation using different extraction procedures on C18 

SPE cartridges (ENVI-C18) and polymeric RP SPE cartridges (PEP) was tried. Finally, 100% 

MeOH was utilized as a common elution solvent for all metabolites for RP-SPE cartridges. Process 

efficiency was calculated by comparing the peak area of the metabolite spiked before extraction 

to that in neat solvent [17]. As seen from Figure B.8, with the exception of Cl-TYR, PEP SPE 

column demonstrated a slight improvement in extraction recovery in comparison to ENVI SPE 

columns. 
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All investigated metabolites bear a primary amino group and at least one carboxylic acid 

group, in which pKa (acid) values of Cl-TYR, BR-TYR and LTE4 are 1.56, 0.99 and 2.39, whereas 

their pKa (base) values are 9.47, 9.48 and 9.13, respectively, as calculated by ChemAxon® [14]. 

Different extraction procedures were investigated, and it was found that 5% NH3 in loading 

solution for anion exchange phases rendered a pH value of 10.8, while 5% FA in loading solution 

for cation exchange phases maintained its pH at 1.98. These pH values, however, were still not 

sufficient to maintain the investigated metabolites as 100% singly charged entities that are needed 

for maximal interaction with ion-exchange SPE phases. As seen from Figure B.8., with the 

exception of SAX, cation and anion exchange SPE cartridges demonstrated comparable process 

efficiencies. However, HyperSep Retain-AX is the most promising phase for further optimization 

of extraction. This can be attributed to its higher resistance to extreme pH values (pH stable 0 to 

14) in comparison to silica-based phases, i.e., Bond Elut. In addition, in comparison with HyperSep 

Retain-CX, further increase in NH3 content in the loading solution is feasible allowing for 

increased pH>10.8, and hence improved interaction with the stationary phase.  

 Finally, these experiments represent preliminary trials for extraction. Further investigations 

that include, optimizing urine volume, optimizing the pH of the loading solution and investigating 

the effect of different vacuum and temperatures for extract evaporation should also be thoroughly 

investigated. 
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Figure B.8. Process efficiency of the SPE method for the quantification of Cl-TYR, BR-TYR and 

LTE4 in urine. Process efficiency= (Peak area metabolite spiked before extraction/Peak area 

standard) ×100 

B.4. Future Directions 

 Linearity needs to be assessed in extracted urine matrix 

 New commercially available 13C6-BrTYR and 13C6-ClTYR as well as d5-LTE4 should 

be included in the assay as isotope labeled internal standards 

 Further investigation for the optimization of sample extraction using Retain-AX and 

Retain-CX SPE 

 Further method development parameters should be investigated in details 
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