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Abstract
Welding is defined as the joining of metals with extreme heat, producing fumes, which
consist of harmful metals and ultrafine particulates that may lead to detrimental health effects.
Currently, air sampling is the primary method to determine welding fume exposure, but is not
always feasible. Biomarkers of welding fume exposure are sought for reliable measurement of
exposure. Here I propose that urinary metabolomics may be applicable in screening for
potential biomarkers for early exposure to welding fumes, and correlated with metal analysis to
determine levels of urinary metals. Non-smoking, male apprentice welders (n = 23) and an
age/sex-matched control group (n = 20) were recruited from the Northern Alberta Institute of
Technology (NAIT) for this study. Air exposure samples were collected on days 0, 1, 7, and 50 of
the welding program at NAIT, and 12 h fasting urine samples were collected on each occasion.
Urinary metabolites and metal concentrations were analyzed using single proton nuclear
magnetic resonance (1H-NMR) and inductively coupled plasma mass spectrometry (ICP-MS). A
pooled urine sample was used as a quality control to determine reliable metabolites. Air
samples demonstrated that welding participants were exposed to higher particle and metal
concentrations compared to controls. Urinary metal analysis presented conflicting results, with
measurements at or near the limit of detection. A total of 151 metabolites were fit to 1H-NMR
spectra, with 61 validated as reliable (< 20% relative standard deviation) based on the pooled
quality control sample (n = 33). Urinary metabolite, 2-hydroxyisobutyrate and three unknown
metabolites, indicate relative promising differences on day 50, that were not observed in earlier
sampling days between controls and welders. Metabolomics analysis shows promise in the
detection of biomarkers of welding fume exposure, however further research is required.
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Chapter 1
Introduction
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1.0 Introduction
The following chapter will address what welding is and its importance on our society.
Fumes generated from the process of welding may have negative health consequences. How
these consequences are currently dealt with in the workplace may not be enough to prevent
over exposure, therefore this thesis proposes using metabolomics to potentially detect welding
fume exposure.

1.1 The importance of welding
Welding is the efficient process of joining two or more pieces of metal together under
extreme heat [1, 2]. A highly variable process, welding is crucial for almost all industries and
metal products and can be conducted in a wide variety of environments, from inside to outside
to underwater and even in outer space [2, 3]. Welders are responsible for fabricating materials
made of metal, construction processes, such as building bridges or oil rigs, and many other
products [2]. It is estimated that > 50% of the United States’ gross domestic product is related
to welding [2].
As of 2004, there were an estimated 800,000 full time welders worldwide, and
approximately 1-2 million individuals perform some type of welding in their jobs [3, 4]. More
than 20,100 Albertans are employed as welders or related machine operators, this number is
expected to continue to grow annually by 1.3% from 2016 to 2020 [5]. The Northern Alberta
Institute of Technology (NAIT) in Edmonton, AB is responsible for the training of welder
apprentices. Over 2,000 apprentice welders a year attend NAIT for technical training, in
addition to their work experience hours to receive their journeyman qualification [6, 7].

1.2 Welding background
There are three main components to welding. These include: a heat source, most often
an electric arc, a shielding material, most often a gas, and a filler material, which joins two
pieces together [1]. Prolonged exposure to welding fumes can be potentially toxic. These fumes
consist of a complex mix of particles and gases, such as nitrogen oxides, from the electrode and
material being welded and shielding gases that protect the weld [8, 9]. Therefore, welding
2

fumes consist of a mixture of vaporized metals and gases that react with the air to create
particulates [3].
There are over 70 different types of welding processes [1, 3]. The most common of
these processes includes differing varieties of arc welding, such as shielded arc welding, gas
tungsten arc welding, gas metal arc welding (GMAW) and flux core arc welding. GMAW is a
form of gas-shielding welding process, where the arc and welding zone are protected with a
shielding gas to prevent oxygen from contaminating the weld and is one of the main types of
welding taught to first year apprentices attending NAIT [6, 10]. Different fume compositions
occur depending on the type of welding process and materials used. The type of welding
material and process influences the particle size distribution and number of ultrafine particles
[11]. Ultrafine particles include nanoparticles, which may have an additional impact on welders’
health if over exposure continually occurs. Ultimately, a wide diversity of factors influences the
fume composition, toxicity, and exposure.

1.3 Welding fumes
A profuse amount of fumes is released from the welding process, which are potentially
hazardous to those exposed [8]. The harm and damage caused by welding fume exposure are
affected by many different factors, such as the chemical nature, particle size, solubility, quantity
absorbed, the duration and frequency of exposure, occupational environment, and
susceptibility of the individual [10, 12]. Most welding fumes originate from the consumable and
consist of metal particulates and oxides, along with shielding gases and any fumes produced
from coatings, if present [3, 13, 14]. It has been found that a higher current intensity delivered
to the welding process will release a larger amount of welding fumes, and decreasing the
current intensity can decrease the welding fume exposure [15]. Beyond fumes created from the
welding process directly, if the material is coated, for example with paints or solvents, fumes
may be even more toxic, and extra care and ventilation will be required [8, 10]. Common metals
used in welding include mild and stainless steel. Stainless steel welding may have a larger
impact on health as it contains more toxic metals in its fumes compared to mild steel [16]. Mild
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steel releases an abundance of Fe and Mn, whereas Cr and Ni are released in higher
concentrations in stainless steel welding [17].
Chronic exposure to welding fumes is a potential hazard. Due to variability, welding
fume exposure is unique and complex, which can make it difficult to consistently measure or
compare. For this reason, the United States’ National Institute for Occupational Safety and
Health has estimated that it is not feasible to establish an exposure limit for welding fumes, but
instead to limit exposure to different components in welding fumes [3].
1.3.1 Ultrafine particles in welding fumes
Welding fume particulates are aggregates of fine to ultrafine particles [15, 18-21].
Analysis of welding fumes found almost all particulate matter fell in the respirable fraction and
has the potential to reach the lungs [18, 22-24]. Particle size determines how long particles
remain suspended in the air, and theoretically how far down the respiratory path particles can
reach [10, 12]. Therefore, smaller particles often remain suspended longer and may end up
further down the respiratory path [10, 12]. For example, particles with a cut-off point of 4 µm
will enter alveolar regions in the lungs and may take a substantial amount of time to be cleared
[10]. Welding fume particulates are reported to have a mass median aerodynamic diameter
between 190 nm to 260 nm, which is well below the respirable fraction limit, influencing their
deposition in the lungs and with the largest portion falling in the alveolar range [24]. In
addition, ultrafine particles may directly enter respiratory epithelial cells, which facilitates entry
into blood and lymph circulation, potentially transferring ultrafine particulates to other
sensitive organs in the body [11]. Ultrafine particles have a much greater surface area
compared to larger particles, which generate free radicals and increase oxidative stress because
of chemical interactions with body fluids [25].

1.4 Health impacts of welding fume exposure
Occupational exposure to welding fumes has been shown to result in adverse
pulmonary health effects. In regards to general lung function, it was reported that non-smoking
welders have a significant decline in forced expiratory volume, which was correlated to the
duration of exposure to welding fumes [26]. Specific health effects of welding fume exposure
4

include metal fume fever and welder’s siderosis [27, 28]. Metal fume fever causes flu-like
symptoms but is resolved following the removal of exposure [3]. Metal fume fever is caused by
exposure to zinc fumes, which is commonly generated from welding galvanized steel [29].
Siderosis, or welders’ lungs, is a pathological condition caused by prolonged exposure to Fe
oxides that causes an accumulation of Fe particles in the lower lung, and although there are no
symptoms, siderosis can often lead to other respiratory diseases [28]. Further, welders have
been found to be at an increased risk for chronic obstructive pulmonary disease, occupational
asthma, and pneumonia [13, 20, 30]. Welding fume exposure throughout a lifetime can
contribute to a poor quality of life and premature death [31]. Occupational welders have been
found to be at an increased risk to develop lung cancer, laryngeal cancer, esophageal cancer,
and leukemia [32]. This year, the International Agency for Research on Cancer has now
recognized welding fumes as carcinogenic to humans [33]. Various studies have attempted to
establish the effects of fume exposure and individual components. Overall, welding populations
and environments greatly vary, making it difficult to accurately determine and interpret human
exposure and toxicological effects [34]. The toxicity of welding fumes may be due to
interactions of the differing fume components, adding even more confounders to determining
harmful exposure levels [34]. To address this, a variety of animal studies have been conducted
to test for direct effects of exposure, described below.
1.4.1 Animal studies
When exposed to metal fumes, rats demonstrate an accumulation of metal oxide
particles in their small airways [16]. Welding fumes from stainless steel have been observed to
induce pneumotoxicity, and particulates were cleared at a slower rate from the lungs compared
to the particulates generated from mild steel [35]. An increase in lung injuries and inflammation
in rats is observed when exposed to welding fumes generated from flux-covered electrodes
[35]. A study by Antonini et al. (1999) found a difference in lung cell responses depending on
the type of welding fume exposure, and concluded that stainless steel increased pulmonary
toxicity [35]. When rats were continuously exposed to stainless steel welding fumes an
accumulation of agglomerates, mass of particulates, formed from the fume particulates were
found in the lung [36].
5

1.4.2 Early health impacts
Welding fumes have been an occupational health concern for many years. Case studies
of respiratory illnesses and the accumulation of Fe particulates in lungs have been recorded
since the early 1900’s. Symptoms such as continuous coughing, chest pain and metal fume
fever were prevalent among welders, but symptoms would cease following cessation of fume
exposure [37]. While early experimental work demonstrated that Fe would accumulate in the
lung, it was not shown to be responsible for causing fibrosis [38]. However, as materials
changed and welding fume compositions became more complex, the hazardous properties of
welding fumes has changed [38].
1.4.3 Respiratory impacts
Individuals who have been welding for many years have been found to have
agglomerates in the lung tissue, typically in alveolar macrophages [16]. When comparing
welders to a control group, increased levels of chromosome and DNA damage was reported in
buccal and nasal cells; furthermore, DNA synthesis in lymphocytes was halted [4, 39]. This
damage is believed to occur through the elevation of pro-inflammatory cytokines and oxidative
stress in the airways of the lungs [4, 40]. Increased levels of cytokines in blood samples and
nasal lavage fluid of welders have been reported, suggesting inflammation [13, 27, 34]. The
inhalation of metal particulates is thought to be responsible for the disruption of cellular
homeostasis and cellular damage, which can lead to a wide variety of pulmonary disorders [17].
1.4.4 Individual metal component impacts
Specific components of welding fumes may have different consequences on the health
of the welder. The potential toxicity of individual metals will often depend on the oxidation
state that the metal exists at in the welding fumes [3]. Some oxidative states of metals, such as
Mn and Ni, have the capacity to promote redox reactions, which releases cytotoxic free radicals
potentially impacting the health of the individual [3]. Cr (VI) and Ni or Co oxides, welding fume
components are considered class 1 carcinogens [15, 17]. Prolonged exposure to Cr may cause
lung fibrosis, skin irritation, and increases lung cancer risk [8, 10]. Fe exposure may lead to
siderosis and lung scarring, whereas Ni exposure may cause skin, eye, nose and throat
sensitization, and is a suspected carcinogen [8, 10].
6

Finally, Mn has been a metal of specific interest due to the potential detrimental effect
it has on the nervous system. Mn has been noted to be a common contaminant in air exposures
due to high density traffic and subway systems [41, 42]. However, inhalation of Mn in the
workplace has been associated with inflammatory lung responses, bronchitis, pneumonia,
decreased pulmonary function, impotence in men and, of particular concern, neurotoxicity [43].
Specifically, Mn exposure has been linked with manganism, a disorder characterized by
Parkinson-like symptoms [44-46]. Initial symptoms of manganism are often overlooked and
with progression, symptoms become more severe and ultimately irreversible [46, 47]. Mn
concentrations were found to be higher in blood and urine of occupationally exposed subjects
[47]. In addition, Cowan et al. (2009) found that Mn/Fe ratios for erythrocytes and plasma
exhibited a significant increase in occupationally exposed subjects compared to controls [47].
Beyond biological markers, those exposed to high levels of Mn at work have been recorded to
perform poorer on motor function tasks, report higher occurrences of fatigue, tension and
anger, and have decreased cognitive flexibility [46].
1.4.5 Overall health impacts
In addition to health deficits in the respiratory system, recent research has also shown
that exposure to welding fumes and particulate matter may have a detrimental effect on
cardiovascular health. Those with occupational exposure to welding fumes may have an
increased mortality from ischaemic heart diseases, possibly due to systemic inflammation from
exposure [48]. Proinflammatory cytokine expression in cardiac macrophages exacerbates the
autonomic function of the heart as a result of the of inhaled particulates that cause lung
inflammation [9]. A study conducted by Kim et al. (2005) found acute exposure to welding
fumes was associated with an increase in levels of systemic inflammatory markers, that
non-smokers had an increase in white blood cells, specifically neutrophils, and in fibrinogen
levels [48]. Both smokers and non-smokers had an increase in C-reactive protein, which
increases in the presence of inflammation, 16 h following welding fume exposure [48]. A metaanalysis conducted in 2014 suggested borderline significance for an increased risk of ischemic
heart diseases among workers exposed to welding fumes [49]. Occupational exposure to
particulate matter was associated with a decrease in heart rate variability in welders overall,
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and a significant decrease in welders who did not use respiratory protective equipment [9].
There have also been mixed results regarding negative impact on reproductive health, although
a decrease in median sperm density was recorded in welders who have been exposed to
stainless steel fumes [50].

1.5 “Healthy worker” effect
Due to conflicting evidence of welding fumes having negative consequences on health,
the “healthy worker” effect is suggested to play a role. This is the concept that workers who
develop respiratory problems or occupation-related diseases leave their jobs without citing
health concerns, leaving a selection of individuals who are healthy and tolerant of welding fume
exposure, although this is difficult to assess [22]. A study conducted by Thaon et al. (2012)
found that smoking had a larger impact on lung function in non-occupationally exposed
subjects than those who were exposed to welding fumes, suggesting those who are resistant to
respiratory health deficits caused by occupational exposure are also likely to have increased
resistance to any effects caused by smoking, supporting the “healthy worker” effect [26].
Another study found that employed welders maintained consistent healthy lung function while
employed, but once left their employment they experienced increased respiratory symptoms
[13].

1.6 Prevention and protection
Generally, the body is exceptionally efficient at metabolizing and eliminating most
contaminants and particulates. However, excessive exposure may occur, and currently the only
way of determining this is when health effects become apparent [12]. To ensure that welders
work within healthy limits, the evaluation of workplace exposures are important. Therefore,
occupational exposure limits (OELs) are set depending on the environmental contaminant and
the length of exposure based on research [12]. There are many precautions that can be taken
by the employer and welder to prevent exposure to welding hazards, specifically welding
fumes, and any possible detrimental health effects. Appropriate ventilation and respiratory
protective equipment should be used depending on the working environment. Figure 1.1
represents an example of the local exhaust ventilation systems used at the NAIT Souch campus.
8

To ensure safe working conditions, the best practice is to frequently assess hazardous
exposures.
1.6.1 Air sampling
Air sampling helps determine exposure to airborne substances in the workplace and
ensure a safe working environment. It is commonly used to measure worker exposure and
characterize the source of hazards [12]. There are two main types of air sampling,
(i) background and (ii) personal measurements from the breathing zone of welders. Background
measurements, or ambient air samples, quantify the amount of fumes present in the general
air, whereas personal samples involve sampling in the breathing zone of the individual, as close
to their nose and mouth as possible to collect a true exposure sample [10, 12]. There are a wide
variety of air collection procedures, such as absorption, gas/adsorbents and diffusive samplers
[12]. When measuring particulates, air sample collection on a filter is a common method [12].
Following air sample collection, there are a wide variety of analysis techniques for filters
that can be used depending on the type of particulates collected, such as gravimetry or
instrumental analysis [12]. A large portion of occupational assessments to check compliance
rely on gravimetric analysis of filters and airborne particulates collected [51]. However, there
can often be variations within and between laboratories, and it is important to ensure
reproducibility [51].
1.6.2 Measuring welding fume exposure
One way to measure welding fume exposure is to measure particulates in fumes by
gravimetric analysis. Theoretically, it is possible to separately collect the respirable and
inhalable fractions based on the type of sampler [10]. Further, chemical analysis of filters allows
individual metals to be quantified [10]. There are a wide variety of techniques that can be used
to determine individual metals. Some examples include graphite furnace atomic absorption
spectrometry or inductively coupled plasma mass spectrometry (ICP-MS).
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Figure 1.1 The local exhaust ventilation system at NAIT Souch Campus. A standard in all welding labs at NAIT, Souch
Campus. [52].
Figure 1 The local exhaust ventilation system at NAIT Souch Campus.
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1.6.2.1 ICP-MS
ICP-MS is a commonly used method for the determination of metallic elements in air
samples. This technique allows the analysis of a range of metal concentrations at once. Filters
previously analyzed for overall particulate matter can be digested in an acid mixture, and
analyzed using ICP-MS to determine metal components of the fume. ICP-MS is known for
detecting trace elements within a sample, and is considered the gold standard for
characterizing trace elements in biological samples, such as urine [53, 54]. The following study
has employed ICP-MS to analyze exposure levels, which is important in the determination of
biomarkers to environmental exposures. Figure 1.2 outlines the principles of ICP-MS for metal
detection.

1.7 Current biomarkers for welding fume exposure
The current approach for monitoring welding fume exposure is medical surveillance
programs. These include yearly check-ups and x-rays to ensure there is no accumulation of iron
oxide particles in the lungs and that the worker is healthy. Checking lung function may also be a
key component to ensure there is no respiratory damage. As beneficial as these surveillance
programs are, significant time passes in the exposed welder before any respiratory health
deficits become evident [17]. Therefore, it may be beneficial to determine appropriate and
specific biomarkers for early exposure to welding fumes.
As welding fume exposure may result in damage at the cellular level and overall health
damage, it is important to detect early exposure impacts. Urine and blood samples are common
biological fluids used for determination of biomarkers. There are mixed results with urinary
metal analysis. One report (n = 137) demonstrated that metal concentrations in urine samples
of welders were significantly higher compared to non-occupationally exposed subjects using
ICP-MS [15]. Specifically, Cr and Mn urinary concentrations were elevated in elderly welders
and welders who worked in confined spaces or long hours, and Mn increased in welding
participants who were involved in grinding, a metal cutting process [15]. Another report
showed increases of urinary metal concentrations, Cr, Ni and Al, in welders (n =45) compared to
control (n = 24) populations using graphite furnace atomic absorption spectrometry [40].
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However, little to no differences between occupationally exposed welders (n = 115) and
controls (n = 145) have also been reported using flameless atomic absorption spectrometry
[46]. When looking at trace metals using ICP-MS Morton et al. found no difference in
occupationally exposed (n =167) and controls (n = 62) in urine [55]. As urinary metals have
resulted in inconsistent results as a biomarker for welding fume exposure, other approaches
may resolve the disparity in observations.
Additional studies have considered other mediums to measure welding fume exposure,
such as scalp hair, or oxidative stress biomarkers [4, 56, 57]. Metal concentrations in exhaled
breath condensate showed increase Cr concentrations with exposure to respirable welding
fumes [17]. A significant correlation between Fe exposure and Fe concentration in exhaled
breath condensate was found in welders who did not wear proper respiratory protection [17].
Exposed welding participants, who did not wear respiratory protective equipment, were found
to have increased nitrite/tyrosine and nitrate/tyrosine ratios [40]. Although these methods
suggest promising results they are not always practical and additional research is necessary.
Metabolomics, a potentially reliable and robust method, is used in the following study as a
method to determine biomarkers for early exposure to welding fumes.

1.8 Metabolomics
The metabolome, which is the sum of all the metabolites in an organism, is expansively
large, is in the early stages of being understood, and has the potential to be beneficial in
determining phenotypes [53]. The analysis of the metabolome of an organism is conducted
through metabolomics, a relatively new branch of “omics” that measures an organism’s
interaction with its environment and allows insight into the effects of lifestyle factors, gender,
environmental stressors, and diseases in real time [53, 58]. In comparison to other “omic”
methods, metabolomics is still in its early stages. Metabolomics focuses on comprehensive
characterization of small molecules, such as those found in cells or organisms, in response to
environmental exposure [59]. Recently, metabolomics has demonstrated to be particularly
useful in the identification of biomarkers, drug discovery and in studying environment-gene
interactions [53].
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Figure 1.2 ICP-MS analysis. The sample enters on the left, where it passes through the plasma flame that ionizes the
atoms, then enters the quadrupole analyzer that separates the ions based on their mass-to-charge ratio before
being detected. Modified from meetcolab.com [60].
Figure 2 ICP-MS analysis.
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Initial research has discovered variations in metabolomic profiles based on gender, diet,
age, diurnal changes, and ethnicity [61]. This suggests that metabolomics is a sensitive
technique to environmental changes, and allows the detection of changes due to diseases and
toxin exposure [61]. Metabolomics is a potentially powerful tool that allows for the
identification of perturbed biochemical pathways, allowing disease fingerprinting and
biomarker discovery [62, 63]. There are a wide variety of techniques that can be used to
analyze metabolites, such as gas and liquid chromatography mass spectrometry (GC-MS and LCMS), and nuclear magnetic resonance (NMR), which is quite commonly used and was utilized in
the following project.

1.9 NMR
Single proton (1H) NMR utilizes a powerful magnet that aligns the protons present in a
sample and subjects them to radio frequency pulses [64]. A high-power radio frequency pulse is
applied to the sample causing protons to absorb and then release electromagnetic radiation.
The release of energy will vary for different compounds based on protons in the sample, and
leads to the generation of a free induction decay (FID) curve [64]. Data from a FID undergo a
Fourier transformation, which allows the frequency components of a wave to be extracted,
creating a spectrum that can be used to quantify metabolite concentrations [65]. The use of
chemical shifts and spin-spin couplings can provide information on metabolite structure, where
information on metabolite concentrations and interactions are obtained with chemical shifts,
line shapes and relaxation properties [66]. Each metabolite exhibits a unique chemical signature
or “fingerprint” that is composed of either a single or multiple clusters of peaks across the
spectrum, based on its composition of protons [64]. These peaks allow the identification of
metabolites in biological samples, provided that specific physical conditions are met [64]. There
are a variety of magnet types, ranging from 400 to 900 MHz in strength, with larger magnets
having increased sensitivity [64].
A typical NMR spectrum of urine contains hundreds of possibly overlapping peaks,
representing metabolites of low molecular weight (Figure 1.3) [61, 67]. Although biomarkers – a
measurable substance or substances that indicate a disease or exposure - can be established
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with a range of techniques, NMR analysis of urine allows quantification of metabolites based on
the chemical shifts, spectral peaks and addition of an internal standard [67]. NMR visualizes
hundreds of distinct peaks in human urine, allowing the detection and quantification of
approximately > 100 compounds, providing a metabolic profile [63]. The patterns generated by
the large quantities of metabolites present in urine are useful in providing insight into
underlying disease processes and physiological changes induced by interactions with
environmental stimuli [34].
1.9.1 Advantages of NMR
Qualitative and quantitative measurements can be obtained while measuring multiple
compounds in a sample using NMR [61, 62]. NMR is a non-invasive and non-destructive
technique, leaving the sample intact and it has been found to have high reproducibility, making
it a robust and reliable technique for biomarker discovery [53, 61, 62, 67]. When measured on
different magnets, normalized metabolite concentrations are consistent [68]. NMR allows a
wide range of metabolites to be simultaneously detected in a short acquisition time [61].
Minimum sample preparation is required, in comparison to other techniques where samples
undergo frequently extensive derivatization processes [63, 65, 68]. In comparison to other
methods, NMR appears to be the most comprehensive and quantitative approach when
analyzing biofluids [53]. Therefore NMR is considered a potentially powerful approach for the
quantification and identification of metabolites [63].
1.9.2. Limitations of NMR
As with all techniques, NMR has limitations and challenges. Even small pH variations
between samples can cause major chemical shifts along the baseline of the spectrum, which
generally should not be a problem unless alkalinity or acidity is induced [61]. Samples with high
ionic strengths or salt concentrations can influence spectrum acquisition, and even moderately
diluted samples can be difficult to analyze [61]. In comparison to other methods, NMR has a
relatively low sensitivity, restricting the detection limit and requiring relatively large sample
volumes (200-500 µl) [59, 63]. For this reason, NMR and mass spectrometry methods are often
used together as complementary approaches [59].
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Figure 1.3 Example NMR spectrum. Spectrum collected on a Varian VNMRS 600 MHz spectrometer at the National
High Field Nuclear Magnetic Resonance Center (NANUC), University of Alberta.
Figure 3 Example NMR spectrum.
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Another limitation of NMR can be intersample chemical-shift variations, which are
attributable to different pHs, ionic strength variations, interactions between metabolites and
between metabolites and proteins, and by any cations present in samples [66]. Compounds
that overlap or have low intensity peaks can be more difficult to fit, and contribute to high
variation [68]. These may be overcome by using peak-fitting algorithms, or controlled by using a
consistent pH throughout the samples, or the addition of a chelating agent, such as
ethylenediaminetetraacetic acid (EDTA) [66].

1.10 Biofluids for analysis
Metabolomics can be applied to the analysis of a variety of body fluids, such as
cerebrospinal fluid, saliva, blood and urine. There are advantages and disadvantages to each. As
a diagnostic biofluid, urine has been important throughout history, with different colours and
tastes being used in early medicine to establish diagnoses [53]. Presently, urine continues to
have considerable importance in determining health [53]. Urine is non-invasive, easy to obtain,
and is relatively stable, which allows longitudinal analyses and collection of large sample
quantities from healthy or diseased subjects [53, 62, 63]. Urine contains negligible protein and
cellular content while remaining abundant in chemical composition [62, 63]. The metabolic
composition of urine can vary. Factors such as diet, gender, ethnicity, gut microflora, or health
status, may have an impact on the metabolites [63]. Diurnal patterns have also been recorded
to have an impact on an individual’s metabolic fingerprint; therefore, collection times should be
standardized and other confounders controlled to avoid extreme variability [63].

1.11 NMR use in biomarker discovery
Many studies have previously used metabolomics to successfully identify metabolic
fingerprints for diseases and exposures [34, 65, 69, 70]. Exposure to environmental toxins and
human diseases lead to physiological changes that result in metabolite concentration variations
[63, 65]. Greater changes in metabolite concentrations in urine have been recorded in
comparison to changes in protein levels in response to human diseases, giving a diagnostic edge
to metabolomic identification and profiling [63]. Individuals with inborn metabolic errors have
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been recorded as having distinct metabolic profiles in comparison to healthy control groups
using NMR and multivariate analysis, a key component in biomarker discovery [71].
However, caution is required when establishing biomarkers; Bouatra et al. (2013) found
that even when urinary metabolites were normalized to creatinine concentrations, values in
urine can vary by ± 50% depending on the metabolite [53]. In order for metabolomics to be
beneficial as biomarkers and in disease diagnostics, reliable methods, and databases using
multivariate analyses need to be generated [65].
1.11.1 Statistical analysis in metabolomics
As metabolomics generates large volumes of data, special multivariate techniques and
analyses need to be in place to reduce the dimensionality of data. There are several different
techniques available to quantify NMR spectra, including spectral binning or targeted profiling,
which is to detect known metabolites [59]. Quantitative metabolomics is labour-intensive,
although there have been recent advances in the development of computer-based algorithms
and software that can automate this process, accelerating the process of metabolite
quantification and generating robust data for biomarker determination [59, 72].
Data from metabolomics is generally analyzed using chemometrics, pattern recognition
techniques and bioinformatics [61, 67]. Multivariate analysis and modelling are used to
facilitate NMR pattern recognitions, which helps in identification of trends and hidden
phenomena in the data [65, 68, 73]. Chemometric techniques may be used in biomarker
discovery in comparison to targeted profiling [68]. Principal component analysis (PCA) is one
form of unsupervised multivariate statistical analysis commonly used in metabolomics. It works
by creating principal components, which consist of combinations of the original variables
describing the maximum variation in the data, these principal components are then used to
visualize differences [73]. This provides an unbiased understanding of the group structure and
variation [74]. Whereas partial least squares projection to latent structures-discriminant
analysis (PLS-DA) is a supervised multivariate method, using class membership to determine
variation in the data [74]. This often leads to a better fit for the data, but presents a much
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greater risk of overfitting [75]. Figure 1.4 represent an outline of the procedure for NMR from
sample collection to multivariate analysis.
Machine learning methods is an alternative approach that can be applied to
metabolomic data to generate robust models that can generalize to other data. Machine
learned models use baseline metabolomic data to predict the development of diseases can be
generated and tested [76, 77]. Classification algorithms, such as J48 decision trees and Naïve
Bayes, have parameters that can be set to decrease overfitting and create models that
generalize to other data sets [76]. Classification, supervised machine learning models, relies on
a set of training data to build a predictive model [78].
1.11.2 Novel tool to determine welding fume exposure
Metabolomics represents a unique opportunity to assess occupational exposures
because of its ability to determine individual phenotypes in response to environmental stimuli
[34]. Previously, there has only been one other study to use NMR in urine samples from
welders to determine metabolic differences in comparison to a control group [34]. This study
conducted on workers exposed to welding fumes in Taiwan found increases of acetone,
betaine, creatinine, gluconate, glycine, hippurate, serine, S-sulfocysteine, and taurine, and a
decreased level of creatine in urine compared to controls [34]. Changes in these metabolites
were thought to be important in modulating inflammation and oxidative stress [34].
Metabolomics has potential use in the determination of biomarkers to welding fume exposure,
and ultimately may assist in screening for early health effects in welders.
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Figure 1.4 Metabolite analysis procedure with NMR. The five steps described above is the general procedure for
determining metabolic profiles using NMR. Following sample collection (1), the sample is prepared and placed in an
NMR tube (2) for analysis (3). FIDs undergo Fourier transform to create a NMR spectrum, which is fit for metabolite
quantification (4), followed by multivariate analysis (5).
Figure 4 Metabolite analysis procedure with NMR.
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1.12 Rationale and hypothesis
1.12.1 Rationale
Welding is a major occupation in present society and those employed in the industry are
exposed to welding fumes, often without appropriate protection. Although air sampling is
helpful in determining overexposure, it is not always appropriate or feasible. Urinary metal
analysis has resulted in conflicting outcomes and no biomarker assays are available to monitor
welding fume exposure. Therefore, better monitoring techniques need to be developed. Here
we proposed using metabolomics as a method to detect and monitor welding fume exposure
(Figure 1.5). By starting with apprentice welders, early exposure effects can be observed when
initial changes may be occurring. This will allow personalized profile trajectories to be built and
detect any trends in metabolic changes.
1.12.2 Hypothesis
The exposure of welders to concentrations of fine and ultrafine particles in welding
fumes was hypothesized to result in changes in the levels of small molecules and metabolites
in urine samples detected by metabolomics. This is predicted to be evident when inadequate
ventilation or respiratory protection is used, which was recorded and analyzed through air
sampling over the period of the welding program. The chain of events hypothesized is welding
fume exposure leads to an accumulation of particles in the airways of welders, which induces a
cascade of inflammatory reactions leading to a spillover into systemic circulation, resulting in
changes in small molecules and metabolites in urine samples.
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Figure 1.5 Flow chart of sample collection and analysis plan. Air sample collection and analysis is in blue, while
urine collection and analysis is in green. The cyan color represents steps for air and urine sample analysis.
Figure 5 Flow chart of sample collection and analysis plan.
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Chapter 2
Materials and Methods
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2.0 Materials and Methods
A detailed overview of the study design and methods will be covered in the following
chapter. The recruitment of participants, materials used, collection and processing of air and
urine samples, along with the statistical analysis used on all samples follows.

2.1 Recruitment and participants
2.1.1 Ethics
Ethics approval was received from both the University of Alberta Research Ethics Board
(Pro00054536, January 20, 2016) and the NAIT Research Ethics Board (No. 2015-05, March
2015) [79, 80]. The following methods were carried out in accordance with approved
institutional guidelines. All subjects received both written and oral information prior to
inclusion in the study, and provided informed consent. Participants were voluntary and allowed
to drop out of the study at any time without additional explanation.
2.1.2 Participant recruitment
Students enrolled at NAIT, Edmonton AB, were recruited for the following study. Male,
non-smoking first year welding apprentices (n = 23) were recruited from the Souch Campus of
NAIT. Control subjects, who were age and sex-matched to welders (n = 20), consisted of
students enrolled in the Instrumentation program at the North Campus of NAIT.
Recruitment occurred during program-specific orientation at NAIT. Participants were
recruited and contributed between September 2015 and February 2016. There were three
rounds of recruitment in August 2015, October 2015 and January 2016, until the minimum
sample size of 20 controls and welders was reached. This sample size was selected based on a
previous study of metabolite profiling between 16 welders and 35 controls (office workers)
[34]. In addition, within the context of practical study design constraints - specifically related to
the ability to voluntarily enroll and retain eligible subjects - 20% of an eligible sample
population is considered a reasonable minimum for statistical analysis [81]. As our eligible
sample population of welding students was estimated to be 100 throughout the study period, a
minimum sample size of 20 was set. Subjects were informed of the objective of this study and
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the benefits and possible risks to their health, which were minimal. Each participant was
requested to fill out a questionnaire and consent form (Appendices A and B). Each subject also
received an information sheet outlining the project and their rights (Appendix C).

2.2 Preparation of sampling and laboratory equipment
2.2.1 Equipment cleaning for metal analysis
2.2.1.1 Materials
Sub-boiled HNO3 (Aristar Ultra BDH, Radnor, PA) was used for cleaning equipment, subboiled is a purification method for inorganic acids. In addition, DeconTM ContrexTM CA acid
detergent (Decon Laboratories, PA) was used for cleaning equipment.
2.2.1.2 Procedure
Urine collection cups, 15 ml polyethylene metal tubes and 37 mm support pads were
soaked in 2% Contrex acid detergent for 2-3 h, and thoroughly rinsed with Type II deionized
water (ATEK at 18 MΩ, Edmonton, AB). Plasticware were then transferred and immersed in 5%
HNO3 for at least one week. At the end of the week, materials were rinsed 3x with deionized
water, filled under the laminar flow hood with 2% sub-boiled HNO3, and stored in a clean
environment until needed.
Three-piece styrene cassettes and petri dishes (60 mm x 15 mm), where filters were
stored, were washed as previously described, omitting the 2% HNO3 solution step. These were
dried under a laminar flow hood, and stored in plastic bags to prevent contamination. Finally,
polytetrafluoroethylene (PTFE) tubing was washed in Contrex acid detergent, rinsed in
deionized water, dried under laminar flow hood and stored until use.
2.2.2 Cassette preparation
2.2.2.1 Materials
Three-piece 37 mm clear styrene cassettes and 37 mm polyvinyl chloride (PVC) filters
with 5 µm pores were obtained from Zefon International (Ocala, FL). These filters capture total
dust particulates. Polypropylene 37 mm support pads were acquired from SKC
(Eighty Four, PA).
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2.2.2.2 Procedure
Three-piece clear styrene 37 mm cassettes were used to collect air samples. Cassettes
were fit with 37 mm support pads and 37 mm, 5 µm PVC filter. Cassettes and support pads
were pre-washed (2.2.1.2 Procedure) and filters were pre-weighed (2.4.1.1 Gravimetry). All
assembly occurred under the laminar flow hood (Figure 2.1) Both ends of cassettes were
plugged and cassettes were placed in appropriately labeled bags for transport to the sampling
site.
2.2.3 Pump calibration
Air sampling was conducted with Gilian GilAir Plus Personal Air Sampling Pumps
(Sensidyne Gilian, St. Petersburg, FL). The pumps were calibrated to a flowrate of 2 L/min prior
to and immediately following air sampling using a primary calibrator, specifically, a Defender
530 Bios Calibrator (Mesa Labs, Lakewood, CO). The average flowrate was used to calculate
sampling volume (Equation 1).
Equation 1: Sampling Volume calculation.

𝑆𝑎𝑚𝑝𝑙𝑖𝑛𝑔 𝑉𝑜𝑙𝑢𝑚𝑒 (𝐿) = 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑆𝑎𝑚𝑝𝑙𝑖𝑛𝑔 𝐹𝑙𝑜𝑤𝑟𝑎𝑡𝑒 (𝐿/𝑚𝑖𝑛) × 𝑆𝑎𝑚𝑝𝑙𝑖𝑛𝑔 𝑇𝑖𝑚𝑒 (𝑚𝑖𝑛)

2.3 Sampling
2.3.1 Sampling schedule and locations
The Welding and Instrumentation programs used to recruit welders and controls at NAIT
are each approximately eight weeks long. Subjects participated on four sampling days: days 0,
1, 7, and 50. Day 0 provided a baseline measurement prior to starting the welding program,
while day 50 was obtained at the end of the program. As important changes could occur at
earlier time points of exposure, samples were collected following the first day of exposure,
day 1, and one week into the welding program, day 7. This schedule allowed us to construct
personalized trajectory profiles for participants. Fasting urine samples were collected the
morning immediately after air sampling (Figure 2.2).
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Figure 2.1 Assembly of the three-piece styrene cassette with 37 mm support pad and filter. All components were
placed together, plugs were then placed in the inlet and outlet prior to transportation to and from the sampling
site.
Figure 6 Assembly of the three-piece styrene cassette with 37 mm support pad and filter.
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Figure 2.2 Eight-week sampling timeline. Ambient air samples were collected for instrumentation students on all
four sampling days and for welding apprentices on day 0 and personal samples were collected for welding
apprentices on days 1, 7, and 50.
Figure 7 Eight-week sampling timeline.
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2.3.2 Air sampling
Personal air sampling was performed for welders for days 1, 7 and 50, while area
sampling was performed for controls and welders on day 0 (Figure 2.3). For personal air
samples, pumps were attached to the belt of the subjects and PTFE tubing went underneath
the welding jacket to prevent burning or melting. The cassette was clipped on the collar of the
welding jacket, ensuring that the outlet was underneath their helmet and in the personal
breathing zone. Area sampling was performed by collecting six samples simultaneously in the
classroom or laboratories for controls and in the cafeteria of NAIT Souch campus for welders.
Cassettes were taped to the top of the pumps for area sampling to keep the cassettes
horizontal. Once back at the laboratory, cassettes were opened under the laminar flow hood
and filters placed in pre-cleaned petri dishes in a desiccator until analysis.
Two field blanks were collected for each sampling day. Field blanks consisted of a
cassette prepared with a support pad and filter that were brought to NAIT but not used. This
allowed verification of no contamination during the handling and transportation of cassettes.
2.3.3 Urine sampling
2.3.3.1 Materials
Polystyrene urine collection cups were purchased from Fisher Scientific (Ottawa, ON),
and white nitrile gloves from VWR (Mississauga, ON). Urine collection cups were cleaned as
described (2.2.1.2 Procedure).
2.3.3.2 Procedure
Fasting urine samples were collected the morning after air sampling before subjects
started their classes. Fasting urine is essential for reducing confounding effects of diet, which is
known to perturb urinary metabolites [34, 63]. Subjects were requested to fast for a minimum
of 12 h. All participants received a pre-washed collection cup, with a pair of white nitrile gloves.
Participants were instructed to catch a mid-stream sample, as recommended, to decrease the
number of cells and bacteria present [82]. Subjects were asked to avoid alcohol and drug
consumption for 48 h and 10 days, respectively, and avoid exercising prior to sample collection.
On the day of sample collection, participants were asked if they had followed the previous
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requirements, and any deviation from these parameters was recorded. Once collected, the
urine collection cup was put in a cooler with icepacks to keep samples close to 0°C for
transportation back to the University of Alberta for processing.
For each urine collection, a field blank was prepared with deionized water in a collection
cup. Field blanks followed the same processing procedure as urine (2.4.2 Urine samples). This
ensured that no contamination occurred during transportation or processing of samples.

2.4 Sample preparation and analysis
2.4.1 Air samples
2.4.1.1 Gravimetry
Prior to weighing filters from air sampling, three quality control (QC) filters were
weighed. These consisted of three blank filters labelled QC1, QC2 and QC3. This was important
to ensure that there was no variation in the results over time due to static [14]. Each filter was
weighed two times to ensure consistency. In addition, from September 2015 to November 2015
weighing was performed at the Natural Resources Engineering Facility, University of Alberta.
From November 2015 weighing was performed at the Heritage Medical Research Center,
University of Alberta. Two microbalances were used because our laboratory did not have a
microbalance at the beginning of the project but was equipped with one half way through.
All filters were kept in a desiccator for a minimum of 24 h prior to weighing to minimize
the effects of humidity. Weighing was performed on two microbalances (Sartorius, Elk Grove, IL
and, Mettler Toledo, Columbus, OH). Since static was creating variations in filter weight, an
antistatic device was used prior to weighing. Filters were weighed prior to and after sampling.
The difference between pre- and post- sampling weight was used to determine the mass of
particles on filters.
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(c) Gillian Pumps used for Air Collection

Figure 2.3 Ambient and personal air sampling set-up. Representations of the placement and arrangement of the air
sampling pumps for ambient (a) and personal (b) sampling. As seen in the diagram, the cassette was attached to
the collar of the welders, in the personal breathing zone, the tubing would have looped under the welding jacket.
The picture presented in (c) represents the pumps used and how they would have been set-up for ambient air
collection.
Figure 8 Ambient and personal air sampling set-up
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Following calculation of the sample weight (mg) from the gravimetric analysis, the
concentration (µg/m3) of particles, the 8 h time weighted average (TWA) (mg/m3) and dose
(mg/kg/day) were calculated. The TWA is the standard measurement in occupational air
exposure [83]. The following equations represent the calculations used for the concentration,
8 h TWA, and dose.
Equation 2: Calculation for concentration.

𝐶𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛 (µ𝑔/𝑚3 ) =

𝑀𝑎𝑠𝑠 (µ𝑔)
𝑆𝑎𝑚𝑝𝑙𝑖𝑛𝑔 𝑉𝑜𝑙𝑢𝑚𝑒 (𝐿)

Equation 3: Calculation for 8 h TWA.

𝐶𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛 (µ𝑔/𝑚3 )×𝑆𝑎𝑚𝑝𝑙𝑖𝑛𝑔𝑇𝑖𝑚𝑒 (𝑚𝑖𝑛)
𝑇𝑊𝐴 =
480 𝑚𝑖𝑛

Equation 4: Calculation for dose. The intake rate is for males between the age of 19-65 years. The exposure factor
was calculated by dividing the number of mins sampled by the number of mins in a day (1440 min), as seen in the
second equation below.

𝐷𝑜𝑠𝑒 =

𝐶𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛 (𝑚𝑔/𝑚3 )×𝐼𝑛𝑡𝑎𝑘𝑒 𝑅𝑎𝑡𝑒 (15.2𝑚3 /𝑑𝑎𝑦)×𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒 𝐹𝑎𝑐𝑡𝑜𝑟
𝐵𝑜𝑑𝑦 𝑊𝑒𝑖𝑔ℎ𝑡 (𝑘𝑔)
𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒 𝐹𝑎𝑐𝑡𝑜𝑟 =

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑚𝑖𝑛𝑢𝑡𝑒𝑠 𝑠𝑎𝑚𝑝𝑙𝑒𝑑
1440 𝑚𝑖𝑛

2.4.1.2 Metals
2.4.1.2.1 Certified reference materials
Certified welding fume reference material was purchased from the Health & Safety
Laboratory, both mild (MSWF-1) and stainless (SSWF-1) steel (Buxton, UK).
2.4.1.2.2 Procedures
Metal analysis was performed at the Soil, Water, Air, Manure, and Plant (SWAMP)
laboratory (Department of Renewable Resources, Faculty of Agriculture, Life and Environmental
Sciences, University of Alberta). Filters were placed in Teflon tubes with 3 ml sub-boiled HNO3
acid and 1 ml sub-boiled H3OBF4. The digestions were performed in a MLS UltraClave
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(Milestone, Sorisole, Italy) filled with a solution of 500 ml H2O, 10 ml 30% H2O2, and 5 ml H2SO4
to create an oxidizing environment [84, 85]. Digestions lasted 2 h at 240°C and 160 Barr [84].
The high temperature and pressure allowed complete digestion of filters and particles.
All metals were determined on an iCAP-Q ICP-MS (Fisher Scientific). The conditions for
the ICP-MS included using a PFA-400 Nebulizer (Elemental Scientific, Omaha, NE) to nebulize
samples, with an introduction speed of 400 µl/min. To prevent larger particles from entering
the torch, the spray chamber was cooled to 2.7°C. The data acquisition parameters include 60
sweeps per reading with a dwell time of 0.03 s for all metals. The metals measured were: Ag, Al,
As, Bi, Cd, Co, Cr, Cu, Fe, Ga, Mn, Mo, Ni, Pb, Sb, Tl, V, and Zn.
Field blanks were analyzed with certified reference materials (CRM) (MSWF-1 and
SSWF-1) every eight samples. In addition, three reagent blanks were analyzed per day. To
calculate metal concentrations, field blanks were subtracted from samples.
2.4.2 Urine samples
2.4.2.1 Randomization
Samples sent for ICP-MS and NMR analysis were randomized and blinded.
Randomization and blinding are important to prevent potential bias in subsequent analysis is
prevented [86]. A random list of welding subjects and controls was created
(https://www.random.org/lists/). The lists were paired to create block pairs of welders and
controls, with all four days of sampling. The different sampling days were then randomized in
each block pair. QCs were analyzed between each block pair. Table 2.1 demonstrates an
example of randomized samples with the QCs. After samples were randomized, they were
labeled in numerical order to blind them and were unblinded after receiving results.
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Table 1 Example of randomization of samples and quality controls.
Table 2.1 Example of randomization of samples and quality controls. Welding (1XX) and control (2XX) samples were
randomly assigned to block pairs, as represented by 103 and 208 in the table below. The sampling days are
randomized in these block pairs represented in the time column. QCs for the analysis were run between each block
pair (every 8 samples).

INDEX

PARTICIPANT

TIME (0,1,7, 50)

CASE/CONTROL

QC

1

QC

QC

QC

1

2

103

7

Case

0

3

103

50

Case

0

4

103

1

Case

0

5

103

0

Case

0

6

208

50

Control

0

7

208

1

Control

0

8

208

0

Control

0

9

208

7

Control

0

10

QC

QC

QC

1

11

112

1

Case

0

12

112

50

Case

0
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2.4.2.2 Metals
2.4.2.2.1 Materials
Pure grade EDTA powder was purchased from Sigma Aldrich (Oakville, ON). All other
chemicals and solutions were from the SWAMP laboratory. The 15 ml polyethylene tubes were
purchased from VWR.
2.4.2.2.2 Certified reference materials
Low and high-level CRMs ClinChek I and II were acquired from Recipe Chemicals
(Munich, Germany).
2.4.2.2.3 Quality controls
QC samples were prepared and employed for urinary metal analysis. To be used as an
internal QC, one urine sample was centrifuged (Eppendorf) at 4°C, 600 g for 10 min. The
supernatant, 10 ml, was transferred to a 15 ml tube and frozen at -80°C. ClinChek level I and II
samples were prepared, described in Cassiède et al. (2017), to ensure the ICP-MS accurately
calculated metal concentrations [87]. Finally, field and acid blanks, consisting of 2% HNO3, were
tested to ensure there was no contamination from handling samples and determine the limit of
detection (LOD) and limit of quantification (LOQ). Field blank concentrations were subtracted
from samples. Metal concentrations were normalized to creatinine to account for the hydration
status of the subject.
2.4.2.2.4 Procedure
All urine processing for metal analysis was carried out under a sterile laminar flow hood
to prevent contamination of samples. Three aliquots of 0.5 ml of each urine sample were
transferred to pre-cleaned 15 ml polyethylene tubes as soon as samples were back from NAIT.
Urine samples were then frozen at -80°C until analysis. All samples analyzed at the SWAMP
laboratory were diluted with 9.4 ml ultrapure H2O and 0.1 ml sub-boiled HNO3. To remove the
effect of major ions 0.04% EDTA was added to the solutions. Metals were then determined on
the iCAP-Q ICP-MS (Thermo Scientific) as previously described (2.4.1.2 Metals). The following
metals were measured in urine: Ag, Al, As, Ba, Be, Bi, Cd, Co, Cr, Cu, Ga, Fe, Mn, Mo, Ni, Pb, Sb,
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Se, Tl, V, and Zn. All dilutions were performed at the SWAMP laboratory to avoid contamination
of samples.
2.4.2.3 NMR
2.4.2.3.1 Materials
Chemicals and solutions used included: NaOH pellets (VWR), and concentrated HCl
(12.1 M) (Fisher Scientific). The internal standard for NMR analysis, IS-1 4,4-dimethyl-4silapentane-1-sulfonic acid (DSS) with added imidazole, was purchased from Chenomx Inc.
(Edmonton, AB). The 15 ml conical centrifuge tubes from Corning, Inc. (Corning, NY) and 2 ml
tubes for freezer storage were purchased from Eppendorf (Hamburg, Germany). Glass 5 mm
thin-walled NMR sample tubes were acquired from Wilmad Labglass (Vineland, NJ).
2.4.2.3.2 Quality controls
To serve as QC, a pooled urine sample was created by mixing together five urine
samples from welding participants. The mixture was centrifuged and aliquoted into sterile
15 ml conical tubes and frozen at -80°C. This QC allowed us to check for variability in replicate
measurements as well as batch effects between different days of spectrum acquisition. As
there is no CRM for NMR, our QC sample verified metabolites that were fit with high precision
consistently over time.
To verify the precision of the NMR analysis, the relative standard deviation (RSD) was
calculated for each metabolite in the pooled QC urine samples (n = 33). Metabolites with < 20%
RSD were considered reliable and reproducible, and used for further analysis. Equation 5
demonstrates how RSD was calculated in our QC sample. We fit peak profiles for 151
metabolites. From 151 metabolites that were fit to replicate QC spectra, a total of 61 had < 20%
RSD. Metabolite concentrations were also normalized to creatinine to account for the hydration
status of the subject.
Equation 5: Relative Standard Deviation Calculation.

𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛
×100%
𝑀𝑒𝑎𝑛
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2.4.2.3.3 Procedure
An aliquot of 10 ml of urine was transferred to a separate sterile 15 ml conical
centrifuge tube and centrifuged at 4°C, 600 g for 10 min to remove precipitates and particulate
matter including cells and bacteria. Supernatants were transferred to a new 15 ml conical tube,
without disturbing the pellet, and three 1.8 ml aliquots were transferred into 2 ml tubes. Tubes
were appropriately labeled for NMR analysis and placed in a -80°C freezer until analysis.
The day before NMR analysis, samples were removed from -80°C and thawed on ice.
Once thawed, samples were vortexed to ensure uniformity. Each sample was placed in a 10 ml
tube, where 200 µl of Chenomx IS-1 (Chenomx Inc.) containing the internal standard, DSS, was
added, and the sample was gently vortexed. DSS was added to adjust for chemical shift when
fitting peaks. The pH of each sample was measured and recorded using a pH meter equipped
with a OrionTM 9157BNMD TriodeTM 3-in-1 pH/ATC probe (Thermo Scientific, Ottawa, ON) with
the pH meter calibrated using the commercial standard buffers (pH 4.01, 7.00, and 10.01)
(Thermo Scientific). Each sample was adjusted to 7.0 ± 0.1 pH using varying amounts of 1 M
NaOH and 1 M HCl. Finally, 750 µl of each sample was aliquoted into an appropriately labeled
5 mm NMR tube and placed in the 4°C fridge until analysis within 24 h.
NMR was performed at the National High Field Nuclear Magnetic Resonance Center
(NANUC), University of Alberta. NMR spectra were acquired on an Oxford 14.09 Tesla (600
MHz) VNMRS spectrometer (Oxford, Abingdon, UK) equipped with a 5 mm HX probe with Z-axis
gradient coil and Varian 768AS robotic system (Agilant Inc., Palo Alto, CA) by Dr. Pascal Mercier
(NANUC, University of Alberta). The specifications used by the spectrometer match the
Chenomx library for 600 MHz magnet profiles and those in our previously published work [87].
In a small set of samples, a 700 MHz Varian magnet (Agilant Inc.) was used (Department of
Chemistry, University of Alberta).
Following spectral collection, peaks for 151 metabolites were fit to the spectra using
specialized computer algorithms and Chenomx NMR Suite software, which corrects the
spectrum to a baseline with a pH of 7.0 ± 0.1. Peak-fitting is a highly-specialized technique, and
was carried out by Dr. Mercier. A computer-based algorithm using progressive spectral region
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reconstruction (PSRR) developed by Dr. Mercier (NANUC, University of Alberta) was used to
identify the metabolites that were present and their concentrations. Once all peaks and
concentrations were identified, samples were unblinded and sorted for further analysis.

2.5 Calculations and statistical analysis
2.5.1 Materials
Data analysis was completed with the use of the following software. All NMR spectra
were analyzed using the Chenomx 600 MHz library available on the Chenomx NMR Suite 8.0
Software. Initial and exploratory data analysis was conducted on Microsoft Excel. Metabolite
concentrations were organized to an Excel friendly format using MatLab commercial software
package (MATLAB 6.1, Natick, MA). All further analysis was done using STATA (StataCorp,
College Station, TX), Prism 6 (GraphPad Software, Inc., San Diego, CA), Interactive Health Data
Application (IHDA) (EASi, Inc, US.), Waikato Environment for Knowledge Analysis (WEKA) (Weka
3.8, University of Waikato, Hamilton, New Zealand), MetaboAnalyst 3.0 (McGill University,
Montreal, QC) and R statistical package available online (R x64 3.3.1, Vienna, Austria). Two
packages were installed and utilized for R, these include ggplot2 and ggfortify to graph the data.
2.5.2 Procedure
Data were log-transformed to generate a normal distribution for parametric analysis.
Urinary metals and metabolites were normalized to creatinine. All error bars in graphs
represent mean and standard deviation (SD) unless otherwise stated. To test for differences
over time and between groups repeated measures analysis of variance (RM-ANOVA) was used
with GraphPad Prism 6. To test for differences on day 50 between controls and welders in
urinary metal and metabolite concentrations, independent t-tests with false discovery rate
(FDR) completed. In addition, to longitudinally compare welding subjects from days 0 to 50,
paired t-tests were carried out using Prism. Classification differences were tested with WEKA
software for air exposure, urinary metal and metabolite concentrations. To test compliance to
AB’s OELs, IHDA software was implemented. Finally, to further test differences between the
two groups and over time, PCA was calculated with R statistical package, and supervised
classification, PLS-DA was done using MetaboAnalyst 3.0 [88].
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Chapter 3
Results
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3.0 Results
The following chapter will provide an overview on air exposure results, along with
urinary metal and metabolite concentration results. Finally, at the end of this chapter, all results
are combined to test for differences between welding and control groups and over 8 weeks of
sampling.

3.1 Confirmation of creatinine measurements by NMR
A major concern for this study is that creatinine measurements have not previously
been validated using NMR and compared with the gold standard Jaffe method used in hospital
clinical laboratories for urinary creatinine assessment [89, 90]. NMR-measured creatinine has
also never been used for normalization against urinary metals. Therefore, we sought to
determine if NMR-measured creatinine was valid for use in normalization of metals and
metabolites in urine samples. Ten 12 h fasting urine samples were collected from healthy,
unexposed lab personnel (25-53 years old, 2 males and 8 females). These samples were
processed for ICP-MS and NMR analysis (2.4 Sample preparation and analysis). Urine samples
were analyzed on two separate magnets: a 600 MHz magnet at NANUC and a 700 MHz magnet
at the Department of Chemistry, University of Alberta. In addition, urine samples were sent to
the Department of Laboratory Medicine and Pathology, University of Alberta, to assess
creatinine measurements using the Jaffe reaction. Creatinine concentrations obtained from the
Jaffe analysis were compared to those obtained from the 600 and 700 MHz magnet. It was
established that NMR analysis could reliably measure creatinine in comparison to the Jaffe
method using a correlation as seen in Figure 3.1 (r2 values of 0.988 and 0.984, respectively).
Urinary metal concentrations for these 10 samples were then determined using ICP-MS, and
normalized using the creatinine concentrations obtained from the 600 MHz magnet. Metal
concentrations were comparable to those from the UK and Health Canada reports [54, 91].
These findings were published recently in Clinica Chimica Acta [87].
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(a) 600 MHz vs. Jaffe

(b) 700 MHz vs. Jaffe
30

Jaffe Reaction Method

Jaffe Reaction Method

30

20

y = 1.0248x + 0.1905

10

0

2

R = 0.9882

0

10

20

20

0

30

600 MHz

y = 1.0222x + 0.3676

10

R2= 0.9838

0

10

20

30

700 MHz

Figure 3.1 Creatinine concentration (mmol/l) comparison between Jaffe reaction method and NMR analysis (600
and 700 MHz). Urine samples were collected from 10 healthy control subjects and measured by Jaffe reaction
method, 600 and 700 MHz. Creatinine values were compared using a Pearson’s correlation between (a) Jaffe and
600 MHz and (b) Jaffe and 700 MHz.
Figure 9 Creatinine concentration (mmol/l) comparison between Jaffe reaction method and NMR analysis (600 and
700 MHz).
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3.2 Participant summary
A total of 23 welding apprentices from Souch Campus and 20 instrumentation students
from North Campus, NAIT, were recruited (Table 3.1). All controls were non-smokers that were
age- and sex-matched to the welding subjects between the ages of 18-40. To test similarities
and differences between control and welding participants, independent t-tests were used to
determine differences in the age, body mass index (BMI), and urinary creatinine concentrations
of the two groups. The average age for the welding participants was 25 ± 5 (mean ± SD),
whereas for the control participants it was 28 ± 6. Welding participants had an average (± SD)
BMI of 26 ± 3, compared to control subjects, 25 ± 2. The average (± SD) creatinine
concentration (g/l) for welders was 1.9 ± 0.44 and for controls was 1.6 ± 0.76. Therefore, there
were no significant differences between welders and controls regarding their ages, BMIs or
average urinary creatinine concentrations.
A McNemar’s test, with a chi-square to determine significance, was used to test for any
differences between medications, medical histories, and previous welding fume exposures. No
welding or instrumentation (controls) students reported any history of high or low blood
pressure, diabetes, hepatitis, kidney, or liver problems [92]. One welding participant reported a
heart arrhythmia, and select welders (n = 3) and controls (n = 1) reported asthma. There was no
significant difference (p < 0.05) between the two groups. Further, there was no significant
differences between the two groups regarding prescriptions, over-the-counter medications, or
vitamin use. A significant difference in previous exposure to welding fumes was found, with 22
welding participants and one control participant having previous exposure in the three months
prior to participation. It was concluded that the groups were well-matched. Table 3.1 provides a
summary of the participant information.
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Table 2 Summary of participant information for control and welding participants.
Table 3.1 Summary of participant information for control and welding participants. Age and BMI are represented
by mean and SD, with differences tested using an independent t-test. The remaining categories are represented by
the number (%) of controls (n = 20) and welders (n = 23) with significance using a chi-square distribution. Both
groups are well-matched overall. BMI represents body mass index, and N/A represents not applicable. Significance
is indicated with an * p <0.05.

Welders No.

Controls

(%)

No. (%)

Sample Size

23

20

N/A

Age

25 ± 5

28 ± 6

0.0813

BMI

26 ± 3

25 ± 3

0.4301

Urinary Creatinine Concentration (g/l)

1.9 ± 0.55

1.6 ± 0.44

0.0860

Alcohol

15 (65)

19 (95)

0.0166*

Prescription Drugs

3 (13)

2 (10)

0.7562

Over-the-Counter Drugs

1 (4)

6 (30)

0.7562

Vitamins and other Supplements

11 (48)

6 (30)

0.2331

High Blood Pressure

0 (0)

0 (0)

N/A

Low Blood Pressure

0 (0)

0 (0)

N/A

Diabetes

0 (0)

0 (0)

N/A

Heart Problems

1 (4)

0 (0)

0.3454

Hepatitis

0 (0)

0 (0)

N/A

Kidney Problems

0 (0)

0 (0)

N/A

Liver Problems

0 (0)

0 (0)

N/A

Breathing Problems or Asthma

3 (13)

1 (5)

0.3651

Previous Exposure to Welding Fumes 3 months prior

22 (96)

1 (5)

< 0.0001*

to Participation
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Difference

3.3 Air sampling results
3.3.1 Gravimetry quality controls
There was a total of two gravimetry QCs used for analysis: (i) blank QC filters (3) and (ii)
field blanks. The three blank QC filters were constant and had no weight differences throughout
analysis. The RSD was calculated and found to be < 1% for each filter over time. In addition, a
sign test was completed to ensure that there were no significant changes, and none were
found. Table 3.2 summarizes the information from the three QC filters.
To confirm there were no significant differences between pre- and post-weighing of the
field blanks, a paired t-test was executed. A p-value of 0.2226 verified that there were no
significant differences overall in field blanks. Field blanks were collected by preparing filters as
previously described (2.2 Preparation of sampling and laboratory equipment), once prepared
the field blanks were transported to and from the sampling site but were not used and were
processed the same as the used filters back at the lab to account for any contamination from
processing and transportation. Further, the 95% confidence interval (-0.0033, 0.014) does not
provide sufficient evidence against the null hypothesis, supporting that there was no significant
variation in weights of the field blanks. In addition, previous work performed at the laboratory
on 10 replicates showed that variation due to sampling and gravimetry analysis using PVC filters
and cassettes was low with < 10% RSD [93].
3.3.2 Gravimetry
The total mass concentration (mg/m3) of particles in air samples was determined by
gravimetric analysis. PVC filters had 5 µm pores, that collected all total dust particles (1 nm to
> 100 µm). Gravimetric data was log transformed to allow parametric analysis. The 8 h TWA
was calculated for controls and welding apprentices based on the 3 h collection period (2.4.1.1
Gravimetry). A RM-ANOVA was used to test differences over time and between control and
welding groups. A significant difference in particles from air samples was observed between
controls and welders on days 1, 7, and 50 (**** p < 0.0001) (Figure 3.2). There was no
significant difference over time for control participants, whereas welding participants had
significant differences (p < 0.0001) between day 0 and all other sampling days (1, 7, and 50).
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Therefore, welding apprentices were exposed to higher amounts of welding fumes compared to
control participants on sampling days 1, 7 and 50 and compared to sampling day 0 (baseline).
The overall exposure dose (mg/kg/day) was calculated for each participant, according to
Equation 4 (2.4.1.1 Gravimetry). This was based on their overall exposure, exposure factor,
body weight (kg), and an assumed inhalation intake rate of 15.2 m3/day. The intake rate
represents males between the ages of 18-65, which includes the range of our subjects [94]. The
intake rate exposure factor is a calculated value representing the average dose over a period of
exposure [83]. Figure 3.3 shows doses (mg/kg/day) in total mass concentration (mg/m 3) for
control and welding students. The results are comparable to the TWA for 8 h, with significant
differences (** p < 0.01, **** p < 0.0001) between controls and welders on days 1, 7, and 50.
The total particle exposure that welding apprentices were exposed to on day 50 were
analyzed using Bayesian decision analysis (BDA) with IHDA software. Descriptive and
nonparametric statistics, as well as compliance, may be calculated using this software for
workplace exposures and compared to OELs [95]. If it is unclear if exposure is possibly close to
the OEL using compliance calculations, the IHDA software completes BDA to determine the
probability of being above the OEL. Particles TWA were compared to AB’s OELs, 10 mg/m 3 and
3 mg/m3, for inhalable and respirable particles, respectively. Inhalable particles consist of a
range from fine to large particles that settle in the whole respiratory tract [12]. Respirable
particles, cut-off point of 4 µm, are smaller than inhalable particles and are found in the
alveolar region [12]. Since welding fumes are mostly respirable, results were compared to both
inhalable and respirable 8 h TWAs [18, 20]. The BDA initial reading was selected using the
“Generic Professional Judgement” setting, with an initial arbitrary rating of “3-Controlled” and
certainty level of “2-Medium” using IHDA software. Welders had a geometric mean at
0.97 mg/m3, with 90% upper confidence limit at 5.548 mg/m3 for sampling days 1, 7, and 50,
which is substantially lower than the inhalable OEL in AB (10 mg/m3). The BDA further supports
that welding student TWAs were compliant and a category 4 exposure (overexposure) can be
rejected with 99% confidence (Figure 3.4). However, the upper confidence limit was over the
8 h OEL for respirable particles (3 mg/m3). The BDA supports that over 5% of the students may
be overexposed to respirable particles with 99% confidence (Figure 3.4).
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Table 3 Summary of three QC filters weighed for gravimetric analysis with no significant differences over time.
Table 3.2 Summary of three QC filters weighed for gravimetric analysis. All three filters have < 1% RSD
demonstrating reliable and reproducible results. No significant differences were found using a sign test with the
median (mg) as the null hypothesis, both the median and p-values can be seen below.

QC

RSD (%)

Median (mg)

p-Value

1

0.179

14.639

0.508

2

0.258

13.529

1.00

3

0.0486

14.190

1.00
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Figure 3.2 TWA concentration (mg/m3) of total particle exposure in welding apprentices on sampling days 0, 1, 7,
and 50 compared to controls. Particle exposure is represented by 8 h TWA concentrations (mg/m3). Data were
collected on sampling days 0, 1, 7, and 50. Significance was calculated using a Tukey’s test (**** p < 0.0001). TWA
represents the time weighted average.
Figure 10. TWA concentration (mg/m3) of total particle exposure in welding apprentices on sampling days 0, 1, 7,
and 50 compared to controls.
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Figure 3.3 Dose (mg/kg/day) of total particle exposure in welding apprentices on sampling days 0, 1, 7, and 50
compared to controls. The dose (mg/kg/day) was calculated individually for each participant based on their weight
and exposure of the corresponding sampling day. Data was collected on sampling days 0, 1, 7, and 50. Significance
was calculated using a Tukey’s test (** p = 0.01, **** p < 0.0001).
Figure 11 Dose (mg/kg/day) of total particle exposure in welding apprentices on sampling days 0, 1, 7, and 50
compared to controls.
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Figure 3.4 BDA of inhalable and respirable particles for welders on sampling days 1, 7, and 50 (n = 69). The
following charts demonstrate that a category 4, > 5% exceedance of the OEL can be rejected with > 99% confidence
for inhalable particles. When comparing respirable particles to AB’s OEL, there is >99% chance that over 5% of the
welding apprentices were overexposed.
Figure 12 BDA of inhalable and respirable particles for welders on sampling days 1, 7, and 50 (n = 69).
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3.3.3 Metals quality control
For each day of ICP-MS analysis, the LOD, and LOQ were reported because the LOD for
each metal varies from day to day. For statistical purposes, non-detected metals were replaced
by the corresponding LOD. The LOD was used, as replacing values with 0 may increase the
overall error rate [96]. The mean, SD and recovery values were calculated for the CRMs.
Metal analysis of air exposure samples also contained two QCs, (i) field blanks and (ii)
welding reference fume material. The following section summarizes findings from these QCs.
The field blanks were analyzed using ICP-MS following gravimetric measurement. Table 3.3
summarizes the results of the field blank filters, along with the LOD.
The welding fume reference material, MSWF-1 and SSWF-1 were analyzed with each
batch, and the average, SD, and RSD (%) were calculated. The RSD was ≤ 5% for all measured
metals, demonstrating reliable determination of concentrations. The expected values, or the
mean and SD of the certified reference values, were compared to the measured values, and the
accuracy was calculated (%). Accuracy was > 90% for all metals (Table 3.4).
3.3.4 Metals
A total of 13 metals were quantified for air exposure samples using ICP-MS. These were:
Al, As, Cd, Cr, Co, Cu, Fe, Mn, Mo, Ni, Pb, V, and Zn. The 8 h TWA (µg/m3) for exposure to
specific metal concentrations was calculated, like particle exposure. The dose (mg/kg/day) was
also calculated for each metal (Equation 4). These values were compared using RM-ANOVA
(Figure 3.5). Control and welder exposure was significantly different for all metals on day 50 (p
< 0.05). When comparing day 0 to days 1, 7, and 50, there were significant differences for some
metals in the welding participant’s exposure. Metals with significant differences between day 0
and day 1 for welding participants were: As, Cu, Fe, Mn, Mo, Ni, Pb, V and Zn. Those with
significant differences between day 0 and 7 and day 0 and 50 were all the same metals as day 0
to 1, along with Co and Cr. There was no difference for controls over time for any metal.
Appendix D summarizes all TWA values and dose concentrations.
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Table 4 Summary of filter field blank values and the LOD from ICP-MS analysis.
Table 3.3 Summary of filter field blank values and the LOD from ICP-MS analysis. The mean, SD (ng/filter), and LOD
(ng) for each metal is presented (n = 54). The mean values from the field blank filters were later subtracted from
the values of control and welder air exposure samples to control for any contamination from transportation and
handling.

Metal

Mean (ng/filter)

SD (ng/filter)

LOD (ng)

Al

179.3

75.9669

8.16x10-3

As

2.7

2.04137

1.17x10-2

Cd

1.4

1.79454

8.0x10-4

Co

2.7

2.17334

5.5x10-3

Cr

350.9

149.998

4.98x10-2

Cu

12.3

16.6162

1.32x10-1

Fe

467.7

365.417

7.21x10-1

Mn

58.7

33.8514

3.95x10-2

Mo

0.6

0.9998

9.2x10-3

Ni

21.5

32.57104

5.93x10-2

Pb

0.5

0.47848

2.3x10-3

V

0.7

1.21978

7.1x10-3

Zn

39.0

51.2008

1.58
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Table 5 Comparison of expected and measured values for welding fume reference material (MSWF-1 and SSWF-1)
showing no significant difference between values and reliable ICP-MS measurements.
Table 3.4 Comparison of expected and measured values for welding fume reference material (MSWF-1 and SSWF-1)
showing no significant difference between values and ICP-MS measurements. All concentrations (%) are
represented as mean ± SD (n = 10). The accuracy was calculated as > 90% for metals. Valid values for recovery are
in the 80-120% range, therefore the ICP-MS analysis reliably measured metal concentrations. The RSD was < 5% for
all measured values, showing consistent measurements.
Reference Values
Metal

Measured Values

MEAN

SD

MEAN

SD

RSD

% ACCURACY

Fe

42.8

± 0.7

41.8

± 1.9

4

98

Mn

1.5

± 0.03

1.5

± 0.07

5

97

Zn

21.7

± 0.9

20.6

± 0.9

4

95

Cr

8.4

± 0.4

8.7

± 0.2

2

104

Fe

29.8

± 0.9

27.4

± 0.6

2

92

Mn

22.9

± 0.5

21.6

± 0.5

2

94

Ni

2.7

± 0.2

3.1

± 0.1

3

116

MSWF-1

SSWF-1
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Mn

Fe

****

400

****
40

0

0
0

5

5

7

0

20

1

200

0

****

60

7

****

600

1

3

3

T W A ( µ g /m )

80

D ay

D ay

Mo

Ni

****

3

T W A ( µ g /m )

1 .0

0 .5

****

****

6

4

***

2

7

0

0

5

5

7

0

1

D ay

D ay

V

Zn

0 .1 5

10

****

8

****

3

T W A ( µ g /m )

0 .1 0

****

0 .0 5

****

6
4

****
2

5

0

0

0
5

7

1

0

7

0

0 .0 0

1

3

0

0

0 .0

1

3

T W A ( µ g /m )

****

8

1 .5

T W A ( µ g /m )

0

****

800

T W A ( µ g /m )

****

100

1000

D ay

D ay

Figure 3.5 TWA concentration (µg/m3) of select metals in welding apprentices compared to controls. Metal
exposure is represented by the 8 h TWA concentration (µg/m 3). Data was collected on sampling days 0, 1, 7, and
50. The represented metals are: Fe, Mn, Mo, Ni, V, and Zn. Significance was calculated using a Tukey’s test (** p =
0.01, *** p < 0.001, **** p < 0.0001). TWA represents the time weighted average.
Figure 13 TWA concentration (µg/m3) of select metals in welding apprentices compared to controls.
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A BDA was conducted using IHDA for exposure to individual metals for welding
apprentices on sampling days 1, 7, and 50. The concentration (µg/m3) of metal exposure was
compared to AB’s OELs (Table 3.5). As previously done with particles, the initial rating was at
“3-Controlled” and the certainty level at “2-Medium” with the IHDA software. All metals were
below their 8 h OEL for AB and a category 4 exposure could be rejected with 99% confidence
(Table 3.5). Both Fe and Mn air exposure concentrations fell in exposure categories 2 and 3 and
compliance is estimated but the values are close to the AB OEL (Figure 3.6). The remaining
metals were not close to the AB OEL and overexposure was not an issue. A summary of the
gravimetric results and metal analysis from air sampling for control and welders can be seen in
Appendix D.
The particle concentrations (mg/m3) and metal concentrations (µg/m3) were combined
and analysis was completed to classify subjects as welders or controls based on exposure levels
on day 50 and to compare day 0 and 50 in welders. A PCA was conducted, comparing controls
and welders on day 50. The first two principal components covered 85.16% of the variation,
which is a strong model to determine between welders and controls (Figure 3.7). Baseline
(day 0) values were compared to day 50 in welding participants, and explains 83.40% of the
variation in the first two principal components.
A variety of machine learning models were applied to the data using WEKA to establish
the strongest model to apply to the data. The intent of using machine learning models was to
classify between welders and controls based on the collected data. All models were compared
to the model generated by a zero rules algorithm, which selects one label and predicts every
instance to belong to that group [97]. The different models tested include: zero rules, one rule,
J48 decision tree, naïve Bayes, logistic regression, and IBk. The accuracy was determined by
calculating a 10 x 10-fold cross-validation in WEKA. To summarize 10 different randomized sets
of the data were generated in WEKA and underwent a 10-fold cross-validation. The crossvalidation technique was selected instead of splitting data into a test and training set because
the number of samples was quite low in comparison to the number of features, which can
cause problems when splitting data. Specifically error estimates become inaccurate and the
model quality decreases [75]. A J48 decision tree model was established to be reliable for two
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models: (i) classifying welder and control subjects on day 50 and (ii) between day 0 and 50 in
welders based on exposure data. The J48 decision tree method builds a model by identifying
attributes that discriminate various instances most accurately in a training set, that can then
classify a new item [98].
Figure 3.8 (a) the J48 decision tree model classifies controls and welders on day 50. A
10-fold cross-validation was used to generate the model. The cross-validation technique
estimates how well the results of the analysis will generalize to an independent data set [99].
This is done in WEKA by splitting the data into 10 groups, the model is then trained on 9 of
those groups and tested on the final 10th group, which has not been used in training the model
[97]. Out of 42 instances the final decision tree correctly classified all instances (100%),
compared to the baseline model, zero rules (53.49%). The kappa statistic, a measure of interrate agreement between categorical variables, was 1.00 [100].
Figure 3.8 (b) represents J48 decision tree model for welders comparing day 0 and 50. A
10-fold cross-validation was implemented. All 45 instances were correctly identified (100%),
compared to the zero rules (51.11%). A kappa statistic of 1.0 and the mean absolute error was
0. Therefore, the J48 decision tree model had high accuracy and predictability when classifying
exposure data, and as V was indicated for both models demonstrates that it is a good predictor
of welding fume exposure.

3.4 Urine sampling results
3.4.1 Quality controls for metals
Urinary metal analysis with ICP-MS included a vast number of QCs including, (i) field and
acid blanks, (ii) single, repeated urine sample, and (iii) ClinChek levels I and II. Acid and field
blanks were used as a background measurement and the means (Table 3.6) were subtracted
from the subject’s urine samples. The acid blank values were negligible and are not reported.
The field blank values are summarized (mean, SD, RSD (%), LOD, and LOQ) in Table 3.6. Pooled
urine was tested as a QC but precipitation caused interferences.
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Table 6 Summary of AB 8 h OELs and compliance of exposure for welding apprentices on sampling days 1, 7, and 50
(n = 69).
Table 3.5 Summary of AB 8 h OELs and compliance of exposure for welding apprentices on sampling days 1, 7, and
50 (n = 69). All metals may be rejected for overexposure with 99% confidence. The AB OEL is represented by the
concentration (µg/m3) and was obtained from the Occupational Health and Safety Code from 2009 [101]. The
geometric mean, geometric standard deviation and 95% upper confidence limit are represented, calculated using
IHDA-student software. OEL represents occupational exposure limit and GSD represents geometric standard
deviation.

Metal

Alberta 8 hr OEL

Geometric

(µg/m3)

Mean

Al

10 000

0.07

23.80

30.70

As

10

0.05

9.05

3.18

Cd

10

0.00

47.00

0.03

Co

20

0.01

11.60

1.08

Cr

50

0.25

7.87

12.90

Cu

200

0.91

11.30

93.50

Fe (respirable)

5000

123.00

3.94

1.7x103

Mn

200

10.70

4.35

178.00

Mo

10 000

0.04

8.00

2.05

Ni

20

0.06

6.30

2.15

Pb

50

0.06

6.30

2.15

V

50

0.01

5.10

0.15

Zn (respirable)

2000

0.61

6.53

22.00

56

GSD

Upper 90%
Confidence Limit

Figure 3.6 BDA of Fe and Mn for welders on sampling days 1, 7, and 50 (n = 69). The following charts demonstrate
that there is > 60% chance that welding apprentices are exposed to category 2, (> 5% exceedance of 0.1 x OEL).
Figure 14 BDA of Fe and Mn for welders on sampling days 1, 7, and 50 (n = 69).
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Figure 3.7 PCA of air exposure (µg/m3). Comparison of controls and welders on day 50 (a) shows variation in the
first two components, with 72.08% and 13.08%, representing principal component 1 and 2, respectively. When
comparing welding subjects from day 0 with day 50 (b), principal component 1 represents 70.32% of the variance,
and component 2 represents 13.08% of variance. Ellipses represent 95% confidence intervals.
Figure 15 PCA of air exposure (µg/m3).
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(a) J48 decision tree for controls versus welders on day 50

(b) J48 decision tree for welders on day 0 versus day 50

Figure 3.8 J48 decision tree model classifying exposure to welding fumes based on air exposure concentrations
(ng/m3). A 10-fold cross validation was employed in WEKA to evaluate the J48 machine learned model. Model (a)
represents control and welder subjects on day 50, data is correctly classified for every instance. Model (b)
represents welder subjects on day 0, baseline, and day 50, data is correctly classified for every instance. The grey
circle represents the node, whereas the numbers indicate the concentration threshold.
Figure 16 J48 decision tree model classifying exposure to welding fumes based on air exposure concentrations
(ng/m3).
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Table 7 Summary of field blank values, and the LOD, and LOQ from ICP-MS analysis.
Table 3.6 Summary of field blank values, and the LOD, and LOQ from ICP-MS analysis. The mean, SD, RSD (%), LOD,
and LOQ (ng/l) is presented below (n = 26). The mean values from the field blanks were subtracted from the urinary
metal concentrations to control for any contamination from transporting and processing of the samples. LOD
represents the limit of detection, and LOQ represents the limit of quantification.

Metal

Mean (ng/l)

SD (ng/l)

RSD (%)

LOD (ng/l)

LOQ (ng/l)

Al

5898

6137

104

41.1

136.9

As

10

7

75

0.1

0.3

Be

5

3

58

3.1

10.4

Cd

3

6

181

0.1

0.2

Co

125

204

164

0.04

0.13

Cr

100

93

94

0.3

1.1

Cu

901

762

85

2.0

6.7

Fe

890

621

70

31.3

104.3

Mn

41

44

106

1.5

5.1

Mo

69

41

58

2.0

6.8

Ni

1604

2681

167

1.2

4.1

Pb

651

1509

232

0.1

0.2

V

13

14

105

0.4

1.4

Zn

7902

16278

206

59.4

198.1
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A single QC urine sample (n = 23) was used as a control to verify reproducibility and
determine batch effects. The RSD (%) was calculated for each metal, as represented in
Table 3.7. The RSD was < 20% for four metals: As, Fe, Mo and Zn. However, the urine sample
selected as a QC was quite dilute and had low metal concentrations present, occasionally lower
than blank values, and was considered not a good sample for determining reliability of analysis.
Further, this explains why some metals have a high RSD (> 20%) as they would have been close
to the detection limit and therefore susceptible to interference or variations.
Finally, ClinChek levels I and II, CRM, were alternatively sampled between every eight
samples (2.4.2.1 Randomization). The values obtained are summarized in Table 3.8, including,
the mean, SD, RSD (%), certified value and the recovery (%) for each level. Level II had no values
with > 20% RSD, whereas level I had three metals with > 20% RSD: Al, Ni, and Pb. The recovery
percentage was greater than 85% for all metals at both levels, except for Pb, which had a
recovery percentage of 68 and 70, for levels I and II, respectively. Level II ClinChek was the QC
sample with higher metal concentrations. It is believed that poor RSD (> 20%) on the ClinChek
level I was due to values being closer to blank levels. Therefore, they were subject to
interference or variations, same as metal concentrations from the single QC urine sample.
However, none of the metal measurements were discarded as higher levels would be accurate
and appropriate for comparison.
When comparing the geometric mean and ranges of urinary metal concentrations in
controls and welders, after subtracting field blank values, some metals (Be, Cr, Mn, and Pb) had
maximum values that were lower than those present in ClinChek level I, indicating that they
would not have been reliably detected at such low concentrations (Table 3.9). Further, some
metals were present at high concentrations in field blanks, suggesting possible contamination
from sample processing. This emphasizes the importance of using field blanks and subtracting
these blank values in metal analysis. In general, urinary metal concentrations from controls and
welders were close to the LOD and blank values to be accurately detected, removing select
metals from further analysis (Al, Be, Co, Cr, Mn, Ni, and Pb). All subsequent analysis only looked
at select metals (As, Cd, Cu, Fe, Mo, V, and Zn) that had higher urinary concentrations after
subtracting field blank values.
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3.4.2 Metal concentrations
The SWAMP laboratory provided a report for the metal urinary concentrations, as
provided for air exposure samples. Data was unblinded and sorted according to groups. The
mean from the field blanks was subtracted from each sample value to accommodate
background measurements. Urinary metal concentrations were normalized to creatinine and
log transformed to stabilize variance, as raw data showed nonparametric distribution. A variety
of urinary metal concentrations were measured for controls and welders. These metals were:
Al, As, Be, Cd, Co, Cr, Cu, Fe, Mn, Mo, Ni, Pb, V, and Zn. However, only a handful (As, Cd, Cu, Fe,
Mo, V, and Zn) were reliable based on field blank, QC and ClinChek values, and were considered
for analysis (Table 3.9). One welding urine sample from day 0 was removed from analysis as an
outlier because some urinary metal concentrations were exceptionally high. This was most
likely not contamination as it was only one sample of n = 250, and metals that are commonly
found as contaminants (Pb and Zn) were in normal ranges. Initially, RM-ANOVA was used to
compare metals. Only V was significantly different (**** p < 0.001) between early sample
collection (days 1 and 7) and day 50 in welding subjects, no other metals differed over time
(Figure 3.9). When comparing between welders and controls on individual sampling days, As
and Fe were significantly lower in welders on day 0, and Mo was significantly lower in welders
on all sampling days (Figure 3.10). Controls exhibited higher urinary concentrations of Cd on all
sampling days, whereas welders had higher concentrations of Cu on day 0, and V on day 0 and
day 50.
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Table 8 Summary of single, repeated QC urine sample (n = 23) for ICP-MS urinary metal analysis shows four metals
with < 20% RSD.
Table 3.7 Summary of single, repeated QC urine sample (n = 23) for ICP-MS urinary metal analysis shows four
metals with < 20% RSD. The mean, SD (ng/ml) and RSD (%) are represented for each measured metal. Those metals
with < 20% RSD (As, Fe, Mo, and Zn) show reliable and reproducible measurements in urine over time. Metals with
< 20% RSD are indicated by * in the following table. ND represents not detectable values.

Metal

Mean (ng/ml)

SD (ng/ml)

RSD (%)

Al

ND

ND

ND

As

1.06

0.08

8*

Be

0.00

0.00

119

Cd

0.03

0.01

24

Co

ND

ND

ND

Cr

ND

ND

ND

Cu

1.13

0.61

54

Fe

4.28

0.71

17*

Mn

0.03

0.05

155

Mo

10.28

0.54

5*

Ni

ND

ND

ND

Pb

ND

ND

ND

V

0.04

0.01

28

Zn

180.38

19.47

11*
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Table 9 Summary of ClinChek values from ICP-MS analysis indicates almost all metals, except for Pb, have a
recovery percentage >85%.
Table 3.8 Summary of ClinChek values from ICP-MS analysis indicates almost all metals, except for Pb (**), have a
recovery percentage > 85%. The mean, SD, RSD (%), certified value (CV), and recovery (Rec. (%)) are presented for
measured metals both level I (n = 12) and II (n = 11). Metals with < 20% RSD are indicated (*) below showing
reproducible measurements. CV represents the certified value.

Level I
Mean

SD

RSD

(ng/ml)

(ng/ml)

(%)

Al

29.29

6.99

24

As

49.72

3.46

Be

0.08

Cd

Level II
Rec.

Mean

SD

RSD

(%)

(ng/ml)

(ng/ml)

(%)

33

89

76.90

4.11

5*

86

90

7*

43

116

99.06

4.19

4*

83

119

0.01

11*

0.07

104

0.26

0.02

8*

0.22

118

2.51

0.04

2*

2.5

102

15.01

0.59

4*

14

104

Co

1.91

0.19

10*

2.0

94

34.52

1.21

4*

35

99

Cr

3.89

0.38

10*

4.1

96

20.33

0.86

4*

20

102

Cu

38.20

3.17

8*

37

104

96.66

3.54

4*

92

105

Fe

38.96

6.02

15*

39

101

216.1

7.61

4*

224

96

Mn

3.74

0.41

11*

3.9

96

19.42

0.75

4*

19

100

Mo

22.98

0.85

4*

24

96

99.78

3.16

3*

101

99

Ni

6.75

2.92

43

5.9

114

42.61

1.62

4*

43

99

Pb

16.43

3.91

24

24

68**

45.37

4.34

10*

65

70**

V

20.55

2.24

11*

20

102

54.21

2.53

5*

49

110

Zn

222.5

24.47

11*

204

109

607.7

19.65

3*

535

114

Metal

C.V.

64

C.V.

Rec.
(%)

Table 10 Geometric mean and range (ng/ml) of combined welders and controls urinary metals.
Table 3.9 Geometric mean and range (ng/ml) of combined welder and control (n = 171) urinary metals. Low
concentrations are found throughout for all metals detected in urine. Metals with higher concentrations that were
determined reliable for further analysis based off blank and ClinChek values are indicated by *.

Metal

Geometric Mean (ng/ml)

Range (ng/ml)

Al

3.5

0-41

As*

8.6

0.5-144

Be

0.01

0-0.02

Cd*

0.2

0.01-1.8

Co

0.09

0-2.0

Cr

0.3

0-3.4

Cu*

8.7

0.5-27

Fe*

13

0.6-75

Mn

0.07

0-2.0

Mo*

47.7

4.3-250

Ni

0.8

0-19

Pb

1.0

0.03-4.1

V*

0.19

0.01-1.1

Zn*

545

32-2024

65

5

7

0

0

50

0

7

1

( lo g [
1

D ay

D ay

V

****

****

2

0
1

7

5

7

1

0

D ay

15

6

7

****

C o n c e n t r a t io n

4

****

W e ld e r s

10

****

5

0

50

0

0

C o n tro ls

( lo g [  M /M c r e a tin in e x 1 0 ] )

2

6

0

4

( lo g [  M /M c r e a tin in e x 1 0 ] )

C o n c e n t r a t io n

4

****

( lo g [  M /M c r e a tin in e x 1 0 ] )

Mn

****

0

0

6

5

D ay

D ay
Pb
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Figure 17 Urinary concentration (log [µM/M creatinine x 10
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Figure 3.9 Urinary concentration (log [µM/M creatinine x 104]) of V in controls and welders on sampling days 0, 1,
7, and 50. With significantly higher concentrations (**** p1<5 0.0001) on days 0 and 50 in welders. Significance was
calculated using a Tukey’s test. All data was normalized to creatinine and log transformed.

7

7

1

C o n c e n t r a t io n

4

( lo g [  M /M c r e a tin in e x 1 0 ] )

Pb

Figure 3.10 Select urinary metal concentrations (log [µM/M creatinine x 10 3]) in controls and welders on sampling
days 0, 1, 7, and 50. Represented metals are As, Fe, Mo and Zn. Significant differences found between controls and
welders on sampling day 0 for As and Fe (** p = 0.01, *** p = 0.001). Control subjects were found to have
significantly (**** p < 0.001) higher concentrations of Mo on all sampling days. All data was normalized to
creatinine and log transformed.
Figure 18 Select urinary metal concentrations (log [µM/M creatinine x 10 3]) in controls and welders on sampling
days 0, 1, 7, and 50.
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Independent t-tests were calculated with FDR (q = 20) between controls and welders on
day 50, and Cd, Fe, Mo and V were found to be significantly different (* p = 0.05) (Figure 3.11).
Levels were higher in controls compared to welders for Cd, Fe, and Mo, whereas welders had
higher concentrations of V on days 0 and 50. As Cd, Fe, and Mo are commonly detected in the
environment, it is possible that controls were exposed to these metals that were relatively
diminished at Souch Campus. Urinary concentrations in metals are quite low in general, and
substantial metal concentrations in the environment are required for urine to be reliable as an
indicator of excessive exposure. However, V has potential as an indicator of welding fume
exposure as it was found to be increased in welders on day 50, and is an impurity in metals
used for welding [8, 102]. A linear regression analysis was conducted between the dose
(mg/kg/day) of V welders were exposed to and their urinary concentration (µM/M creatinine)
of V on day 50, and a significant correlation (p < 0.05) was found (Figure 3.12). Correlation was
tested with a Pearson’s correlation and was not seen for any other metal tested. It is important
to note that Cd and V had > 20% RSD with the single QC urine sample. This could be because
metal concentrations in the QC urine were very close to the detection limit, making it difficult
to get an accurate measurement, although ClinChek level I and II V values were well within
< 20% RSD. All urinary metal concentrations for controls and welders are shown in Appendix E.
Reliable urinary metal concentrations were combined and fit to a variety of classification
models with a 10-fold cross-validation using WEKA. This was done to compare welders and
controls on day 50, and welders on day 0 and 50. All models were compared to that generated
by the zero rules model. When classifying welders versus controls on day 50, the zero rules
model correctly identified 51.28% of instances. All other models tested correctly classified
welders and controls > 97% over 10 random seeds. The one rule algorithm was the strongest
model and correctly classified 100% of instances. This model is based on an algorithm that
selects one attribute in the data set and just uses that attribute to classify instances [97]. The
rule generated for this model was based on urinary V concentrations (log [µM/M creatinine
x 104]). The J48 decision tree model had a classification accuracy of 97.44% and was also based
off urinary V concentrations (Figure 3.13). Reliable classification models can be built to
distinguish between controls and welders on day 50 using urinary metals, suggesting
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Figure 3.11 Reliable urinary metal concentrations (log µM/M creatinine x 10 3]) in controls and welders on day 50.
All metals were tested using FDR (q = 20), and Cd, Fe, and Mo were significantly (* p < 0.05) higher in controls
compared to welding apprentices, whereas V was higher in welders. All data was normalized to creatinine and log
transformed.
Figure 19 Reliable urinary metal concentrations (log µM/M creatinine x 103]) in controls and welders on day 50.
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Figure 3.12 Significant correlation between the dose (mg/kg/day) of V and urinary concentration (µM/M creatinine
x 104) on day 50 in welding participants. The correlation had an R2 value of 0.42, with significance of p = 0.047.
Figure 20 Significant correlation between the dose (mg/kg/day) of V and urinary concentration (µM/M creatinine x
104) on day 50 in welding participants.
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differences between the two groups. In addition, as classification models revolved around
urinary V concentrations, this indicates that V is possibly a good predictor for welding fume
exposure in urine.
Classification models to determine the difference between day 0 and 50 in welding
participants were also tested in WEKA. The baseline accuracy, determined using zero rules
algorithm was 54.05%. Models were built using reliable urinary metal concentrations and all
models tested had accuracies below the zero rules model. This suggests these features found
no differences in welding subjects between day 0 and 50. This could result from welding
apprentices having previous exposure before day 0 and starting at NAIT or 8 weeks may not be
a long enough exposure period.
3.4.3 Metabolite quality control
The pooled QC urine sample from 5 welders was analyzed once every 8 samples
throughout NMR analysis. Spectra from replicate QC measurements underwent PSRR to fit 151
predicted urinary metabolite peak profiles (n = 33). QC data allowed us to determine which
metabolites were reliable by calculating the RSD (%). Metabolites with < 20% RSD were
considered reproducible and reliable. A total of 61 out of 151 (40%) urinary metabolites were
verified as reliable and used for further analysis. Identified metabolites are summarized, with
mean, SD and RSD, shown in Appendix F.
3.4.4 Metabolite concentrations
The “passed” 61 metabolites were normalized to creatinine and log transformed prior to
analysis as the raw data exhibited nonparametric distribution. This allowed parametric
analyses, such as RM-ANOVA and independent t-tests to be used on the data. Radial plots
comparing the means of transformed data for control and welding participants on days 0 and
50 were initially created to visualize differences in data (Figure 3.14). The World Health
Organization recommends healthy creatinine values are between 0.3 – 3.0 g/l although, our
participants had a wider range of 0.2 – 4.3 g/l [87]. Most participants were in the healthy range,
as the mean ± SD was 1.78 ± 0.81, indicating creatinine values were in the healthy range for
normalization overall.
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Figure 3.13 J48 decision tree model classifying exposure to welding fumes based on urinary metal concentrations
(log [µM/M creatinine x 104]). A 10-fold cross-validation was employed in WEKA to create the J48 machine learned
model and represents control and welder subjects on day 50, data was correctly classified for every instance. The
grey circle represents the node, whereas the numbers indicate the concentration threshold.
Figure 21 J48 decision tree model classifying exposure to welding fumes based on urinary metal concentrations (log
[µM/M creatinine x 104]).
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Figure 3.14 Radial plots of mean urinary metabolite concentrations (log [mM/M creatinine]) for 61 “passed”
metabolites for controls and welders on days 0 and 50. Day 0 (a) demonstrates little difference between control and
welder subjects suggesting well-matched groups, whereas day 50 (b) comparisons suggest some differences occur
in the means of metabolites. Control subjects are represented in blue, welding apprentices in red. All data was
normalized to creatinine and log transformed.
Figure 22 Radial plots of mean urinary metabolite concentrations (log [mM/M creatinine]) for 61 “passed”
metabolites for controls and welders on days 0 and 50.
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Individual metabolites were compared between controls and welders and over time
using RM-ANOVA. A significant difference was found on day 50 between welders and controls
for an unknown metabolite, u185 (Figure 3.15). Unknown metabolites are peaks that
consistently appear on the NMR spectrum but the Chenomx library does not know which
metabolite it corresponds to; the number corresponds to where it is found on the x-axis. No
significant differences between all other 60 metabolites were observed. To determine
individual differences in metabolites, an independent t-test combined with FDR (q = 20) was
used to check for differences between controls and welders, as well as a paired t-test with FDR
(q = 20) to check for differences over time. Three metabolites (2-hydroxyisobutyrate, u11, and
u362) were significantly decreased in welders versus controls on day 50 using independent ttests (Figure 3.16). This suggests that there may be differences between these two groups if
tested with a larger sample size or welding apprentices were exposed over a longer period.
Figure 3.17 shows selected urinary metabolites that were unchanged in controls and welders
over the four sampling days. Appendix G summarizes the remaining “passed” metabolite
concentrations for controls and welders.
All metabolite concentrations from day 50 were combined and evaluated by PCA. The
first principal component described 18.68% of variance, with the second describing 11.81%
(Figure 3.18). Therefore, the PCA model describes 30.48% of the variance - using the first 2
principal components - between controls and welders on day 50, which is insufficient to achieve
significance (80% variance is required for the model to be considered robust). Further, a total of
40 principal components were required to fully explain the model. These findings demonstrate
that there were no overall detectable differences between controls and welders in their urinary
metabolites using PCA.
PLS-DA was also carried out, and demonstrated some separation between welders and
controls on day 50 using metabolite concentrations. It is important to remember as a
supervised method, PLS-DA will always maximize differences between the two groups, and is
prone to overfitting. The first three components covered 28.8% of the variance, which is less
than that covered by the PCA model (Figure 3.18). Further, the accuracy of the PLS-DA was 58%,
with an R2 value of 0.29 and a Q2 value of -0.02. As in linear models, R2 represents the overall fit
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of the data to the model, whereas Q2 is the measurement of the predictive power of the model,
and as a negative value implies that this model is not robust or reliable. Variable importance in
projection (VIP) plots were generated for the PLS-DA models; VIP plots indicate variables with
high loadings or weights that influence components (Figure 3.19). The first two components of
the PLS-DA model have the same top three urinary metabolites influencing the variation
(taurine, π-methylhistidine, and u185). This indicates that these metabolites may have some
variation between welders and controls.
A PCA model comparing urinary metabolite concentrations was also constructed for
welder apprentices from day 0, baseline, to day 50, the final collection day. A total of 37
principal components were required to describe the variation in the model, with PC1 and PC2
describing 19.81% and 9.33% of the variance, just under 30% (Figure 3.20). In addition, PLS-DA
was carried out, showing more separation than the unsupervised PCA, but still little variation
between baseline (day 0) and day 50 with the first three components representing 28.9%
(Figure 3.20). Further the accuracy was below chance, at 0.40 (R2 = 0.27 and Q2 = -0.38) for the
first component. A VIP plot (Figure 3.21) was generated to indicate metabolites that influenced
the observed variation and found that the top two metabolites with the highest weightings in
the first two components were the same (N-phenylacetylglycine and π-methylhistidine). It is
important to remember that PLS-DA overfits data and these results need to be considered with
caution [75].
Passed metabolites were then used to test different classification models. When
comparing welders and controls on day 50, the zero rules algorithm had an accuracy of 53.84%.
The IBk algorithm did have a 64.35% accuracy, compared to all other models tested with
accuracies lower than the zero rules model. An IBk model is based on a k-nearest neighbours
algorithm, where classification is based on the neighboring points [97]. Classification models
were built to compare day 0 and 50 in welders, where the zero rules accuracy was 51.11% and
all models had a lower accuracy, except for the one rule algorithm, which correctly identified
instances 67.33% of the time based on the urinary concentration of mannitol. The data for
these models is not shown. Overall, predictive models based on urinary metabolites were
ineffective in classifying the two groups based on the current data.
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Figure 3.15 Urinary metabolite concentration (log [mM/M creatinine x 103]) of u185, an unknown metabolite in
controls and welders on day 50. Controls had significantly higher concentrations compared to welding apprentices
on day 50. Significance (* p < 0.05) was tested using RM-ANOVA. All data was normalized to creatinine and log
transformed.
Figure 23 Urinary metabolite concentration (log [mM/M creatinine x 103]) of u185, an unknown metabolite in
controls and welders on day 50.
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Figure 3.16 Urinary metabolite concentrations (log [mM/M creatinine x 103]) between controls and welders on day
50. Control subjects had significantly higher concentrations of 2-hydroxyisobutyrate, u11, and u362 compared to
welding apprentices. Significance (* p < 0.05) was tested using independent t-test. All data was normalized to
creatinine and log transformed.
Figure 24 Urinary metabolite concentrations (log [mM/M creatinine x 103]) between controls and welders on day
50.
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Figure 3.17 Select urinary metabolite concentration (log [mM/M creatinine]) between controls and welders on
sampling days 0, 1, 7, and 50. Represented metabolites shown are 2-oxoglutarate, glycine, hippurate, leucine,
taurine, and u217. No significant differences were found between controls and welders on any sampling days for
the represented metals above using RM-ANOVA and independent t-test. All data has been normalized to creatinine
and log transformed.
Figure 25 Select urinary metabolite concentrations (log [mM/M creatinine]) between controls and welders on
sampling days 0, 1, 7, and 50.
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Figure 3.18 PCA and PLS-DA of urinary metabolite concentrations (log [mM/M creatinine x 103]) between controls
and welders on day 50. (a) PCA consisted of 36 principal components, with the first representing 20.42%, and the
second 12.51% of the variance. (b) 2D PLS-DA and (c) 3D PLS-DA plots use supervised methods, with the first
component representing 15.6%, 8.3% the second component, and the third 4.9% of the variance. Ellipses represent
95% confidence intervals.
Figure 26 PCA and PLS-DA of urinary metabolite concentrations (log [mM/M creatinine x 103]) between controls
and welders on day 50.
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Figure 3.19 VIP plots for urinary metabolite concentrations (log [mM/M creatinine x 103]) for welder and control
participants on day 50. The weightings for the top 15 metabolites in each component are expressed in (a) and (b)
for components 1 and 2, respectively. Components correspond to PLS-DA in Figure 3.18.
Figure 27 VIP plots for urinary metabolite concentrations (log [mM/M creatinine x 10 3]) for welder and control
participants on day 50.
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Figure 3.20 PCA and PLS-DA of urinary metabolite concentrations (log [mM/M creatinine x 103]) between day 0 and
50 in welders. (a) PCA consisted of 37 principal components, with the first representing 19.81% of the variance, and
the second 9.33% of the variance. (b) 2D PLS-DA and (c) 3D PLS-DA plots use supervised methods, with the first
component representing 8.8%, the second 9.8% and the third 10.3% of the variance. Ellipses represent 95%
confidence intervals.
Figure 28 PCA and PLS-DA of urinary metabolite concentrations (log [mM/M creatinine x 103]) between day 0 and
50 in welders.
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Figure 3.21 VIP plot for urinary metabolite concentrations (log [mM/M creatinine x 10 3]) for welders on day 0 and
day 50. The weightings for the top 15 metabolites in each component are expressed in (a) and (b) for components 1
and 2, respectively. Components correspond to PLS-DA in Figure 3.20.
Figure 29 VIP plot for urinary metabolite concentrations (log [mM/M creatinine x 103]) for welders on day 0 and
day 50.
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3.5 Models including combined data
All air exposure, urinary metal, and metabolite concentrations were combined and
analyzed to determine if stronger classification models could be generated. PCA was carried out
comparing controls and welders on day 50 (Figure 3.22). The first principal component
described 18.2% of the variance, with the second principal component covering 10.73%. Overall
the first two principal components explained 28.94% of the variance between control and
welder groups. Controls were more closely clustered than welders although no separation was
evident.
The PLS-DA plot was also generated for air exposure, urinary metal, and metabolite
concentrations for welders and controls on day 50 (Figure 3.22). Control participants were
grouped together quite closely, where a larger variation in welding participants is observed. The
first component explains 96.3% of the model. The 2D PLS-DA plot has all control subjects
appearing in one spot, likely formed by similar air concentrations as there was little to no
exposure, whereas welding subjects had a variety of air concentration exposures. As the first
two components explained 100% of the variation in the model, a 3D PLS-DA plot was not
generated. Although the accuracy of the current model increased (73% with the first
component), there was still a poor fit (R2 = 0.20) and poor predictive power (Q2 = -0.57). When
looking at the features with the largest influence on the components (VIP plots in Figure 3.23),
both components 1 and 2 rely heavily on Fe and Mn air exposure concentrations, which were
increased.
PCA was also conducted for welding subjects comparing day 0 and day 50. The first two
principal components described 28.3% of the variance, with 15.22% and 13.08% being
explained by the first and second components, respectively (Figure 3.24).
Baseline (day 0) and day 50 air exposure, urinary metals, and urinary metabolite
concentrations were combined to create a 2D PLS-DA model in welding apprentices (Figure
3.24). Overall, day 0 measurements were quite similar, while day 50 measurements varied
substantially. The first component explained 96.3% of the model, which is a large portion, but
air exposure concentrations were largely responsible, as seen in the VIP score plots (Figure
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3.25). It is important to remember that overfitting is quite common in PLS-DA, especially when
there is a large number of variables compared to participants [75]. The PLS-DA model had a
high accuracy (74%) for the first component, but poorly fit the data (R2 = 0.22). The predictive
power of the model was quite poor as it was negative (Q2 = -0.18), establishing that
multivariate models with all data were poor at distinguishing between these groups with
supervised and unsupervised methods.
Finally, classification models in WEKA were created. Initially, the air concentration data
was included with the urinary metal and metabolite concentrations. The resulting models were
identical to those generated using only air concentrations (3.3.4 Metals). Therefore, air
concentrations were removed and models were built using just urinary metal and metabolite
concentrations. When classifying controls and welders on day 50 the zero rules algorithm had
an accuracy of 55%. All other models tested had higher accuracies over ten random seeds, with
the one rules algorithm having an accuracy of 99.5%. The model was based around the urinary
concentration of V, where ≥ 3.51 mM/M creatinine x 105 were classified as welders.
Classification models of welders on day 0 and day 50 found the one rules algorithm to
accurately distinguish between day 0 and day 50 in welding subjects 67.33% of the time based
on mannitol concentrations, compared to the zero rules algorithm which had 51.11%. The
remaining models tested had accuracies lower than that of the zero rules algorithm.
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Figure 3.22 PCA and PLS-DA of air exposure (µg/m3), urinary metal (log [µg/g creatinine x 10x]), and metabolite (log
[mM/M creatinine x 103]) concentrations between controls and welding apprentices on day 50. The first principal
component in (a) PCA represents 18.2%, and the second 10.73% of the variance. (b) 2D PLS-DA plots represent
96.3%, and 3.7% in the first two components, respectively. Ellipses represent 95% confidence intervals.
Figure 30 PCA and PLS-DA of air exposure (µg/m3), urinary metal (log [µg/g creatinine x 10x]), and metabolite (log
[mM/M creatinine x 103]) concentrations controls and welding apprentices on day 50.
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Figure 3.23 VIP plots for air exposure (µg/m3), urinary metal (log [µg/g creatinine x 10x]), and metabolite (log
[mM/M creatinine x 103]) concentrations for welders and controls on day 50. The weightings for the top 15
metabolites in each component are expressed in (a) and (b) for components 1 and 2, respectively. Components
correspond to PLS-DA in Figure 3.22.
Figure 31 VIP plots for air exposure (µg/m3), urinary metal (log [µg/g creatinine x 10x]), and metabolite (log [mM/M
creatinine x 103]) concentrations for welders and controls on day 50.

86

Figure 3.24 PCA and PLS-DA of air exposure (µg/m3), urinary metals (log [µg/g creatinine x 10x]), and metabolite
(log [mM/M creatinine x 103]) concentrations between day 0 and 50 in welders. The first principal component for
(a) PCA represents 15.22% and the second 13.08% of the variance. (b) 2D PLS-DA represent 96.3% and 3.6%, in the
first two components, respectively. Ellipses represent the 95% confidence intervals.
Figure 32 PCA and PLS-DA of air exposure (µg/m3), urinary metals (log [µg/g creatinine x 10x]), and metabolite (log
[mM/M creatinine x 103]) concentrations between day 0 and 50 in welders.
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Figure 3.25 VIP plots for air exposure (µg/m3), urinary metal (log [µg/g creatinine x 10x]), and metabolite (log
[mM/M creatinine x 103]) concentrations for welders and controls on day 50. The weightings for the top 15
metabolites in each component are expressed in (a) and (b) for components 1 and 2, respectively. Components
correspond to PLS-DA in Figure 3.24.
Figure 33 VIP plots for air exposure (µg/m3), urinary metal (log [µg/g creatinine x 10x]), and metabolite (log [mM/M
creatinine x 103]) concentrations for welders between day 0 and 50.
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Chapter 4
Discussion

89

4.0 Discussion
A summary of the results from the thesis are presented in this chapter. This includes the
initial work done to establish that creatinine concentrations measured by NMR are reliable for
normalization of urinary metals and metabolites, as well as air exposure and urinary metal and
metabolite data from controls and welders. These findings are related to the current literature.
Finally, some of the strengths and limitations of this study are addressed.

4.1 The importance of creatinine
Creatinine is an important metabolite in studies using urine as a marker of glomerular
clearance and for normalization against other urinary components because it is excreted from
the body at a constant rate with minimal reabsorption, and can be used to indicate the
hydration status of the subject or renal disease. Molecules measured with NMR or metals
analyzed with ICP-MS can be normalized against creatinine to adjust for dehydration [103].
Typically, urinary creatinine is measured in clinical labs using the Jaffe method, which is a
colorimetric reaction [89, 90]. Prior to beginning this study, a comparison of creatinine values
fit using NMR methods to values found with the Jaffe method was carried out [87]. The results
showed NMR is reliable, accurate, and precise for urinary creatinine concentrations, thus
allowing creatinine concentrations quantified by NMR to be used for normalization of urinary
metals and metabolites.

4.2 Air exposure
The standard method for determining exposure to airborne contaminants such as
welding fumes, is air sampling. In this study, particulate matter was collected that welding
apprentices were exposed to, over their 3 h welding lab, and TWA values were calculated and
compared to the total particles and individual metal 8 h OELs for AB. No participants surpassed
the compliance limits on any of the sampling days, although a few participants were close to
the OEL limit at 200 µg/m3 over an 8 h period for Mn exposure on day 50 [101]. This suggests
that some welders may not have used the ventilation system effectively, as all participants
were exposed to the same type of welding fumes and were working on the same tasks. In
addition, when looking at 8 h OELs for respirable particles (3 mg/m3) for 8 h, some participants
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were close to exceeding the limit based on gravimetric analysis [101]. Concentrations were
compared to respirable limits even though we collected total dust, because studies have
determined that majority of particles in welding fumes consist of respirable particles [18, 20,
23, 24]. This indicates that welding apprentices at NAIT are possibly overexposed to respirable
particles as the 90% upper confidence limit for sampling days 1, 7, and 50 was 5.538 mg/m 3
compared to the 8 h OEL of 3 mg/m3. Also, since professional welders work 10 h shifts in AB,
they are likely overexposed not only to respirable particles but also to Mn if no proper
ventilation is present.
Significant differences for all measured metals in air samples were found between
baseline levels on day 0 and other sampling days (day 1, 7, and 50) as expected, for participants
exposed to fumes. Welders learned GMAW and oxyacetylene cutting on mild steel during all
sampling days. High concentrations of Fe and Mn were present for sampling days 1, 7, and 50 in
welders (Figure 3.5). This is expected, as the main components often found in mild steel GMAW
are Fe and Mn as observed in previous studies [17]. Baseline concentrations (day 0) in welders,
and all sampling days for controls had negligible exposure for all metals tested. In comparison
welder subjects were exposed to higher metal concentrations from the fumes generated during
their welding labs. Originally it was hypothesized that this early exposure would lead to
detectable alterations in urinary metals. However, only minimal differences were observed
using our highly sensitive, validated ICP-MS approach.

4.3 Urinary metal concentrations
Overall, no differences in urinary metals were found over time in welding apprentices,
except for V, which increased in initial sampling days (1 and 7) to day 50. There were also initial
differences in metal concentrations on day 0 with increases in controls compared to welders in
As, Fe, and Mo. In addition, control values exhibited a wide range of urinary metal
concentrations, whereas urinary metal concentrations in welders were often quite similar
across the dates of sample collection. Significantly higher levels of Cd, Fe, and Mo were found in
controls compared to welding subjects on day 50 using independent t-tests. In contrast, V was
found to be increased in welding subjects on day 50 compared to controls using an
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independent t-test. As training was only 8 weeks long, it is possible that urinary metals may
become more prominent over increased exposure as high exposures to metals is often required
to detect environmental differences in urine.
As V was found to increase in welders on day 50 using univariate analysis (RM-ANOVA
and independent t-test), and was indicated in machine learning models and multivariate
analysis (PLS-DA), it is a potential metal of interest for detection of welding fume exposure in
urine. An impurity often found in mild and stainless steel, V can be found naturally in the
environment, but is strongly associated with industrial sources [8, 102, 104]. One study has
recently looked at occupational exposure to V and its increases in biofluid concentrations [102].
Ellingsen et al. (2017) reported significantly higher concentrations of V in urine and serum in
welders, who have been employed for at least 6 months, compared to a control group [102]. In
addition, they found a correlation between increased exposure and increased V concentrations
in biofluids, supporting our finding of increased V on day 50 in welding subjects, and the
correlation between dose exposure and urinary concentrations. Furthermore, we did see an
increase of V on day 0 in welders compared to controls, this could be related to V half-life in the
body (Figure 3.9). It is reported that V is released in three half-lives, the first being after an hour
of exposure, the second after a day or two of exposure and finally ten days after exposure
[102]. As most of the welding apprentices were welding until beginning at NAIT, this increase in
V could be from their previous exposure prior to enrolment in our study.
Our results do not resolve the confusion in the literature regarding other urinary metal
concentrations as a form of exposure assessment. Significantly higher concentrations of urinary
Cr, Mn, and Ni levels have been reported in occupationally exposed welders when compared to
unexposed populations [15]. However, Mergler et al. (1994) reported no metal differences in
urinary measurements of occupationally exposed individuals [46]. When looking at urinary Mn,
substantial variation over different periods of time have been reported in the same
occupationally-exposed individuals [44]. This suggests that even using baseline data from nonexposed individuals for comparison, urinary metal concentrations may vary too greatly to be
used as a reliable predictor for early exposure. Variations may be related to environmental
exposures, such as pollution, however this is unlikely in Edmonton as pollution is relatively low
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[105]. In addition, controls may not have been appropriately used, causing mixed results across
the literature.
Although metal increases in urine due to welding fume exposure has presented some
conflicting evidence, some studies looking at other biofluids have found increases of metal
concentrations in welders compared to control populations. Wultsch et al. (2014) found higher
metal concentrations in welders for serum and whole blood [4]. Others have reported that Mn
exposure can be detected using hair or Mn/Fe ratios in blood to detect occupational exposures
[47, 56]. This could be related to the way the body processes heavy metals. Metals are required
by the body to aid in certain bodily processes and are often absorbed [106]. Overexposure to
metals can lead to bioaccumulation in certain organs and they are not always excreted [46, 106,
107]. When metals are excreted, they can leave through a variety of metabolic pathways, such
as urine or fecal matter [106]. Urinary metal concentrations may be inconclusive and show
contradicting results in the literature due to accumulation and multiple excretion paths.
No differences in Cu and Zn, the remaining reliably measured metals, were found over
time or between control and welding subjects. As previously mentioned, many urinary metal
concentrations (Al, Be, Co, Cr, Mn, Ni, and Pb) were too low to be reliably measured in either
subject group and were removed from further analysis. This could be attributable to exposed
subjects having minimal accumulation of detectable metals in their urine after only 8 weeks’
exposure. Cena et al. (2014) found that air exposure levels of Ni and Cr for GMAW of mild steel
were below their respective LODs [24]. Although our air exposure samples detected metal
concentration above LODs, they may not have been at high enough levels to result in elevated
urinary concentrations. Another possibility is that exposure may be limited, with the use of the
ventilation system at NAIT, and respirators. However, with previous conflicting evidence, we
conclude that urine may not be an ideal biofluid for detecting metals from early occupational
exposures, and another biofluid, such as serum, may be more useful for detection of metals
from short-term welding fume exposure. This study also shows that controlling blank levels is
paramount to obtaining good results, since urine samples contain low levels of metal
concentrations close to detection limits.
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4.4 Urinary metabolite concentrations
4.4.1 Quality control analysis of urine samples in NMR
Many metabolomics studies have identified significant differences and metabolic
fingerprints when comparing case and control groups for diseases [65, 71, 76]. However,
inadequate standardization and QCs have been reported in metabolomics studies [63, 72].
Currently, no methods are in place to efficiently determine accurate quantification. To address
this, we used our own pooled QC sample. A strength of this study was the use of a pooled QC
urine sample that was measured every 8 samples (n = 33). The RSD (%) was calculated to
determine metabolites that were precisely fit and quantified consistently with the algorithm.
This is crucial in biomarker determination if the goal is to apply metabolomics as a possible
exposure tool [65].
4.4.2 Identified metabolites in welders and controls
Despite welding fume exposure, limited changes in urinary metabolites were detected.
This was found over time, and when comparing welders to a non-exposed group. Based on
participant information the control and welder groups were similar, with limited differences
(Table 3.1). Multivariate models, PCA and PLS-DA, supported that our groups were wellmatched as limited variation was detected between groups. Differences detected in
metabolites 2-hydroxyisobutyrate, u11, u185, and u362 support the initial hypothesis that
exposure to ultrafine particles in welding fumes results in detectable changes in urine samples.
Changes only began to appear on day 50 and were found in only a few metabolites, suggesting
that 8 weeks may not be long enough for exposure, or NMR technology may be insensitive to
early changes. Further, as our sample size was small (n = 20), observed changes may be a
coincidence. Samples were collected the day following exposure and metabolites may have
returned baseline levels, whereas post-shift samples may have increased metabolic changes.
Urinary metabolite concentrations of passed metabolites, were compared to healthy
normal levels as described in the human metabolome database (HMDB) and values found in the
literature, as summarized by Bouatra et al. (2013) in Table 4.1 [53]. Overall, previously reported
passed metabolites fall in the healthy or average range. Metabolite concentrations of controls
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and welders remained separate for comparison because analysis did report preliminary
differences. Three metabolites - 5-aminolevulinate, malonate, and β-alanine - report higher
concentrations in both control and welder groups than those previously reported in the
literature. Population differences or spectral fitting methods are possible explanations for this
discrepancy.
A comparison of urinary metabolite concentrations that demonstrated changes
between welders and controls on each sampling day to normal levels in the HMDB was
conducted (Table 4.2). Taurine, trigonelline, and cis-aconitate were indicated in VIP plots as
influencing the variance in the first two components (Figures 3.17 and 3.19). In addition,
metabolites found to have significant differences in long-term welders, glycine, hippurate,
taurine, and trigonelline [34]. All metabolite concentrations fall in the normal, healthy range.
When looking at welders with years of experience and exposure, Kuo et al. (2012)
reported significant increases in acetone, betaine, creatinine, gluconate, glycine, hippurate,
serine, S-sulfocysteine, and taurine, and decreased creatine, suggesting a correlation between
welding fume exposure and oxidative stress as these metabolites have been suggested to be
important in inflammatory processes [34]. Only four of the indicated metabolites passed
according to our QC analysis (< 20% RSD): creatinine (2%), glycine (3%), hippurate (4%), and
taurine (9%), where the RSD for creatinine was calculated from non-normalized data. The
remaining 5 metabolites that indicated significant increases in welders all failed our QC (> 20%
RSD) or were not fit to the spectra because of spectral interference or absence from the
Chenomx library: acetone (26%), betaine (91%), gluconate (22%), serine and S-sulfocysteine. A
decrease in creatine was also reported by Kuo et al. (2012), which was hypothesized to be the
result of welding fumes causing an increase in reactive oxygen species in response to oxidative
stress, which inhibits creatine kinase activity and decreases the amount of creatine produced
[34]. It is important to note that creatine and creatine phosphate are difficult to distinguish in
NMR spectra because of overlaps with their peaks, resulting in unreliable quantification. In the
data presented here, when both creatine and creatine phosphate were fit to the spectra, this
resulted in metabolites having > 20% RSD (31% and 78%, respectively). Therefore, they were
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not considered reliable for comparison, and any fluctuations in creatine due to welding fume
exposure in this study could not be assessed.
Studies have reported increases in the metabolite hippurate in response to
inflammation, and has been recorded in occupationally exposed populations [34, 69, 108].
Increases in urinary hippurate levels have been correlated with environmental exposure to
toluene, commonly present in spray-painting environments [109]. While hippurate was
precisely detected (RSD = 4%) there were no differences found over time for welders or
between welders and controls on any of the sampling days. However, as exposure time
increases hippurate concentrations may slowly increase over time because of respiratory
inflammation.
This study did find preliminary differences in 4 metabolites between controls and
welders on day 50. Three of these metabolites are unknown and provide little insight into
metabolic responses to welding fume exposure. The fourth metabolite, 2-hydroxyisobutyrate,
was found to decrease in welding participants on day 50. The metabolite 2-hydroxyisobutyrate
is a known metabolite of methyl tert-butyl ether, an additive in gasoline, and is the major
excretory product for environmental exposure to gasoline [110]. Studies in mice and rats have
found increases of 2-hydroxyisobutyrate in response to increases of gasoline exposure, which
can be detectable for up to 72 h [111, 112]. Welders are not generally exposed to high
concentrations of gasoline over the normal population, and a decrease of 2-hydroxyisobutyrate
was found in welding participants compared to controls, demonstrating that it is most likely not
due to environmental exposure. Interestingly, 2-hydroxyisobutyrate in humans has recently
been associated with different diseases, such as gastric cancer, obesity, and inflammatory
bowel disease, and was reported to decrease in urine in these conditions [70, 113, 114].
Therefore, the decrease observed in 2-hydroxyisobutyrate in welders may be caused by
metabolic changes in response to the occupational exposure. As this is a preliminary study,
more research will be required to validate decreases in 2-hydroxyisobutyrate in response to
welding fume exposure, and if this has the potential to serve as a biomarker.
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Table 11 Comparison of selected passed metabolite concentrations (µM/mM creatinine) from the human
metabolome database (HMDB), other studies, and welder and controls from current study.
Table 4.1 Comparison of selected passed metabolite concentrations (µM/mM creatinine) from the HMDB, other
studies, and welder and controls from current study. Values for comparison were collected from the HMDB and
from a review by Bouatra et al. (2013) that looked at normal metabolite values in urine across multiple studies,
some values were missing and are not presented in the following table as consequence [53]. Data represents the
mean (range) or mean ± SD. The concentration of control and welder urine sample is the average over all sampling
days.

Metabolite

HMDB
Reported

Literature
Values

Control Urine
Samples

Welder Urine
Samples

1-Methylnicotinamide
2-Furoylglycine
3-Aminoisobutyrate
3-Hydroxybutyrate
3-Hydroxyisovalerate
5-Aminolevulinate
Azelate
Cis-Aconitate
Citrate
Dimethylamine
Ethanol
Ethanolamine
Formate
Glycine
Hippurate
Hypoxanthine
Malonate
Mannitol
Methylguanidine
Pantothenate
Propylene Glycol
Pseudouridine
Pyroglutamate
Sarcosine
Taurine
Trigonelline
Valine
β-Alanine

5.8 (1.2-15.0)
4.0 (0.9-8.4)
26.0 (2.2-140.0)
3.6 (1.3-6.4)
6.8 (3.2-21.8)
2.9 (1.2-4.4)
2.8 (1.8-4.8)
20.9 (3.8-95.3)
203 (49-600)
30.8 (20.3-59.2)
3.1
37.0 (24.8-56.2)
26.8 (6.9-120.9)
106 (44-300)
229 (19-622)
7.2 (1.8-24.1)
2.9 (2.0-3.5)
32.4 (5.2-85.1)
2.7 (1.2-6.0)
1.9 (0.6-4.4)
6.7 (1.4-44.3)
28.9 (13.3-41.3)
20.7 (10.2-32.6)
2.9 (0.5-5.4)
81 (13-251)
31.1 (5.5-109.3)
1.6 (0.6-3.3)
5.9 (3.4-13.0)

6.1 (0.2-12.0)
9.95 (2.0-18.66)
(2.91-116.43)
1.4 ± 1.3
8.5 ± 3.2
1.45 ± 0.72
4.8 (1.3-15.0)
13.0 (2.7-44.0)
242.0 ± 129.6
39.3 ± 8.3
(5-500)
21.4 (6.6-36.2)
20.39 ± 11.84
151 (233-248)
257 (20-770)
4.67 (2.80-6.38)
1 (0-2)
10.26 ± 9.14
1.25 ± 0.72
2.7 ± 0.9
N/A
26.02 ± 4.62
28.8 (3.4-54.2)
2.8 (0.0-5.6)
(4.00-159.98)
16.08
1.0 (0.0-2.5)
5 (0-10)

5.7 (1.1-36.6)
13.4 (4.4-59.7)
12.6 (4.3-74.3)
8.2 (3.3-43.2)
5.7 (1.9-17.2)
24.2 (9.5-44.2)
6.1 (1.3-18.8)
29.6 (7.5-155)
144.4 (31.8-384)
27.4 (20.3-35.4)
15.7 (7-234)
48.8 (28.1-73)
11.4 (2.2-26.6)
80.8 (28.2-442)
173.6 (12.8-658)
9.3 (1.9-90.5)
23.5 (7.4-73.2)
15.8 (2.8-72)
7.9 (5.1-12.6)
2.3 (1.0-9.7)
15.7 (1.9-87.3)
10.9 (2.2-16.8)
23.4 (13.2-41.8)
3.0 (1.0-25.8)
70.4 (5.9-622.5)
12.5 (0.8-56.9)
2.8 (4.4-1.5)
21.5 (5.7-382.5)

5.4 (0.9-21.5)
13.8 (3.6-65.9)
11.7 (4.2-62.7)
7.8 (2.6-40.7)
5.2 (2.4-13.2)
23.3 (9.2-55.3)
6.5 (1.3-19.0)
37.2 (7.4-330.5)
107.9 (32.9-336)
27.2 (21.5-33.6)
13.9 (5.7-141)
46.7 (23.5-73)
10.2 (2.3-27.2)
68.1 (9.9-283)
114.5 (9.8-470)
6.9 (1.5-59.6)
24.1 (5.1-53.2)
17.3 (3.3-212)
8.6 (5.2-88.6)
2.4 (0.7-5.3)
9.5 (1.2-66.5)
10 (2.8-19.8)
22.9 (7.7-37)
2.6 (1.2-6.9)
76.1 (4.4-309)
8.5 (0.2-52)
2.6 (1.4-4.3)
14.9 (8.1-24.6)
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Table 12 Comparison of passed metabolite concentrations (µM/mM creatinine) that indicated preliminary
differences in this study and in Kuo et al. (2012) from HMDB, and welders and controls from current study.
Table 4.2 Comparison of passed metabolite concentrations (µM/mM creatinine) that indicated preliminary
differences in this study and in Kuo et al. (2012) from HMDB, and welders and controls from current study. Values
for comparison were collected from the HMDB, as reported in Bouatra et al. (2013) [34, 53]. Concentrations from
controls and welders are separated by group and sampling day as metabolites had a strong influence on PLS-DA.
Data represents mean (range).
Metabolite

Cis-Aconitate

Glycine

Hippurate

Taurine

Trigonelline

HMDB
Reported

Controls

Welders

20.9

0
30

1
26.3

7
34.7

50
27.2

0
27.4

1
27.1

7
46.7

50
49

(3.8-95)

(8.9-106)

(9.1-103)

(8.1-155)

(7.5-102)

(8.1-81)

(7.4-74)

(11-190)

(13-331)

106

70.9

80.6

86

85.6

67

73.5

61.3

69.9

(44-300)

(29-199)

(34-249)

(31-442)

(28-233)

(19-256)

(26-283)

(9.9-150)

(23-195)

229

205

198.8

143.3

146.2

106.3

117.2

123.8

112

(19-622)

(32-658)

(20-549)

(13-327)

(14-424)

(13-407)

(17-315)

(15-344)

(9.8-470)

81

62.5

71.2

66.3

82.7

72.3

65.3

86.1

82

(13-251)

(15-179)

(9.8-358)

(5.9-410)

(13-623)

(7.6-225)

(10-227)

(12-300)

(4.4-309)

31.1

11.7

11.9

11.4

15.4

6.5

10.2

9.7

7.7

(5.5-109)

(1.4-57)

(2.5-35)

(1.6-32)

(0.8-56.3)

(0.2-26)

(1.3-52)

(1.1-41)

(1.3-25)
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4.5 Multivariate models with combined data
Application of PCA, an unsupervised model, found very little variation between the two
groups, with the first two components explaining 28.94% of the variance. However, when
supervised methods such as PLS-DA were applied to distinguish between welding and control
groups, the models explained 95-100% of the variation. It is important to note that these
models rely heavily on air exposure concentration values and not urinary metal and metabolite
values in the combined data analysis. While a large portion of variance was explained, the
PLS-DA model was not robust, as it fit the data feebly and had poor predictive power. In
addition, overfitting is quite common in PLS-DA models and as a supervised method should be
considered with caution as it will maximize differences between groups. Similar results were
found when comparing baseline values (day 0) in welders to the final collection day (day 50).
This demonstrates that the measured urinary values had very little influence in distinguishing
between welder and control groups and the most reliable method to determine occupational
exposure is through air sampling. Air sampling does not allow early detection of respiratory
problems that can arise from occupational exposure to welding fumes. These results stress the
importance of surveillance programs and until reliable biomarkers for exposure are discovered,
air sampling and workplace assessments continue to offer exceptional value in establishing
health and safe working conditions for employees.

4.6 Strengths
A major strength of this study was the use of randomized sample analysis that occurred
in a blinded manner [86]. In addition, we used a pooled urine sample as QC for NMR analysis
(4.4.1). The addition of field blanks for urinary metal analysis was also an important strength in
this study. By subtracting field blank averages from urine samples, it allowed us to remove
values associated with background contamination resulting from transportation and processing
of samples. The field blanks were crucial to achieve reliable results, as metal concentrations are
very low in urine samples. Finally, the longitudinal design of the study was a strength as it
allowed us to see if any changes occurred over time, with increased exposure to welding fumes
in apprentices, while building metabolomic personal trajectory profiles.
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4.7 Limitations
A few road blocks, or limitations, were encountered throughout this project. As this was
a pilot study to determine initial changes and develop a baseline, the questionnaire used was
not validated, so it is possible that it did not accurately report participant background
information. However, as the questionnaire’s primary purpose was to ensure well-matched
control and welder populations, the questionnaire design used should have little effect on the
overall results. Moreover, as unsupervised multivariate models showed limited variation, our
welder and control groups were well-matched.
As this study uses human subjects, compliance can be a limitation. As mentioned, NAIT
has local exhaust ventilation systems for their welding students. However, as demonstrated by
the spread of exposure values, these systems are not always effectively, or consistently, being
used by apprentices. Respirators were worn by only a few students (n = 7), and were not used
correctly if subjects had facial hair, and both impact fume exposure. Further, some students
would remove pumps during their coffee break during welding labs, which prevented an
accurate and true measurement of exposure. When reapplying pumps, welders would not
always accurately replace these in their breathing zones. Another limitation regarding
compliance was failure to follow the 12 h fast rule prior to urine collection. Although all
participants were asked to refrain from eating for 12 h, and any alcohol and drug consumption
for at least 48 h and 10 days, respectively, this was not always followed. To account for this,
prior to urine collections, subjects were asked if they had consumed anything in the past 12 h,
and any infractions were recorded, with the urine sample excluded from analysis.
Samples were only collected over an 8-week period. During this 8-week period, welding
apprentices were only exposed to fumes for approximately 3 h a day, overall this may not have
been long enough for cumulative exposure to cause changes. In addition, as the majority of
welding participants reported previous welding fume exposures, this study did not observe a
true baseline prior to any exposures, which is a limitation.
Metal analysis with ICP-MS is a highly sensitive technique, and sample contamination
can be a concern. As our laboratory is filled with potential contaminants, urine samples were at
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risk. To overcome this, samples were sent to the SWAMP laboratory, a metal-free zone, to be
diluted and processed prior to analysis to ensure quality results.

4.8 Conclusions
Welders were exposed to significantly (* p < 0.05) higher concentrations of metals and
particulates from welding fumes than control participants on days 1, 7, and 50. Some urinary
metabolites were different between welders and controls, indicating early metabolic changes
detectable in urinary molecules. As our study occurred over only 8 weeks, increased exposure
and time may reveal more differences between the two groups at the individual metabolite
level and in multivariate analysis. Overall this study provides a strong baseline of urinary
measurements for individuals beginning their career with occupational exposure to welding
fumes and can be used to compare to data from those who have been exposed for years to
begin developing an understanding of when and how health problems associated with welding
fume exposure begin to develop, and if there are biomarkers that indicate hazardous welding
fume exposure.
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Chapter 5
Future Directions
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5.0 Future Directions
The following chapter focuses on the next steps for this project. This entails continuing
to work on the analysis of the current data by trying a different peak fitting algorithm, along
with further sample collection, such as smoking apprentice welders and welders who have been
employed in the industry for an extended period. If possible, following-up with our current
participants to observe changes as their exposure increases with employment. Finally, the
following section proposes trying alternative methods with increased sensitivity compared to
NMR.

5.1 Monte Carlo algorithm for fitting NMR spectra
Metabolite concentrations in this thesis were determined using PSRR, a peak-fitting
algorithm developed by Pascal Mercier (NANUC, University of Alberta). However, Dr. Mercier
has recently established a new computational approach based on a Monte Carlo simulation
algorithm that automatically fits NMR spectra. Initial analysis of QC samples showed 59
metabolites that pass using Monte Carlo according to < 20% RSD. The next step would be to
apply multivariate analysis on the passed metabolites fit by the Monte Carlo algorithm to
compare control and welding subjects.

5.2 Effects of smoking on metabolic profiles of apprentices
Studies have found that smoking can influence the metabolic phenotype, and have
suggested that smoking may interact with welding fume exposure magnifying the effect [26,
34]. An important step in furthering this research would be to test if tobacco smoking impacts
urinary metabolic fingerprints and if any interactions between cigarette smoking and exposure
to welding fumes is observed. To test this, 20 smoking, male apprentice welders and controls
were recruited from NAIT to undergo the same sample collection and analysis as described in
this thesis. This will allow comparisons to be made between control and welder smoking
groups, and between the smoking and non-smoking groups.
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5.3 Additional methods with increased sensitivity
As ICP-MS and NMR spectroscopy found preliminary differences in welders over the
eight-week period, or between welders and controls, it would be potentially valuable to look at
alternative techniques with increased sensitivity. Additional metabolomic techniques, such as
GC-MS and LC-MS present the opportunity to identify additional metabolites, as mass
spectrometry is often used complementary to NMR [59]. A pilot study has been initiated with
LC-MS at Dr. Liang Li’s laboratory (Department of Chemistry, University of Alberta) comparing
five random control and welder samples from day 50 and indicated initial early differences
between the two groups, which were not significant. It would be valuable to increase the
sample size and continue LC-MS analysis comparing control and welder groups, along with
considering GC-MS analysis. In addition, field flow fractionation coupled with ICP-MS, presents
a unique opportunity to detect differences between metals found in the two groups that were
not found using ICP-MS.

5.4 Follow-up of current subjects
The eight-week period of exposure may be insufficient for observable differences in
urinary metabolite concentrations to be found. A follow-up of our current apprentice welders
would enrich our understanding and further develop personalized profile trajectories as their
careers continue. A profile following apprentices from their early training into employment
would allow changes that occur over time and increased exposure to be created, providing
valuable insight into how the body responds to occupational exposure over time.

5.5 Welders employed in the industry
In addition to following current participants as they begin working in industry, it is
imperative to enhance the understanding of those who have been exposed to welding fumes
for a large portion of their career. For this reason, an important next step would be collecting
samples from career welders, who have been employed for 5, 10, and 15+ years to compare
metabolomic profiles to those who are just at the beginning of their careers and have limited
exposure.
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Overall, this study provides a strong baseline for individuals at the start of their careers
and initial exposure to welding fumes. This will need to be built upon, using current and
additional techniques, to deepen our understanding of the exposure of welding fumes and how
over time, it may alter and impact an individual’s health. Through this increased understanding,
better surveillance techniques can be put in place, ensuring the health and safety of those
exposed to welding fumes.
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Appendix D: Summary of air exposure results
TWA in µg/m3
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Appendix E: Summary of urinary metal results
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Appendix F: Summary of QC metabolites
Normalized urinary metabolites mean (log [mM/M creatinine x 10 3]), SD and (%) RSD
are summarized below for 33 QC samples. They are in order from the lowest to highest RSD (%).
A total of 149 metabolites are shown as creatinine was used for normalization, DSS was used as
an internal standard. Passed metabolites are in bold. ND represents not detectable.
Metabolite

Mean

SD

Dimethylamine

4.7x10-1

3.5x10-3

Citrate

1.8

u11

RSD

Metabolite

Mean

SD

1

3-Hydroxybutyrate

1.1x10-1

1.1x10-2

11

3.8x10-2

2

Carnitine

2.3x10-1

2.5x10-2

11

3.2

6.4x10-2

2

Ibuprofen

3.1x10-2

3.5x10-3

11

u122

3.3

7.0x10-2

2

3-Hydroxy-3-Methylglutarate

4.3x10-2

5.2x10-3

12

2-Hydroxyisobutyrate

7.5x10-2

2.4x10-3

Azelate

9.4x10-2

1.1x10-2

12

3-Hydroxyisovalerate

9.7x10-2

3.1x10-3

Indole-3-Acetate

2.4x10-1

2.8x10-2

12

Alanine

2.9x10-1

9.6x10-3

Methylguanidine

1.1x10-1

1.3x10-2

12

Glycine

1.3

3.7x10-2

Pseudouridine

1.8x10-1

2.2x10-2

12

u233

7.1x10-1

2.3x10-2

3

Cis-Aconitate

5.9x10-1

7.2x10-2

12

Hippurate

1.3

5.7x10-2

4

β-Alanine

2.5x10-1

2.9x10-2

12

Pyroglutamate

3.8x10-1

1.7x10-2

4

2-Aminoadipate

1.7x10-1

2.3x10-2

13

3-Hydroxyisobutyrate

1.3x10-1

6.8x10-3

5

Propylene Glycol

1.5x10-1

1.9x10-2

13

N-Acetylglutamine Derivative

1.2

5.6x10-2

5

u185

1.2x10-2

1.6x10-3

13

Formate

1.5x10-1

8.6x10-3

1,7-Dimethylxanthine

2.5x10-1

3.6x10-2

14

N-Acetylornithine

1.6x10-1

9.3x10-3

1-Methylnicotinamide

7.4x10-2

1.0x10-2

14

Proline

6.8x10-1

4.3x10-2

Xylose

4.4x10-1

6.0x10-2

14

u380Large

2.1x10-1

1.2x10-2

6

u362

1.0x10-1

1.5x10-2

14

N-Acetylglutamine

1.5x10-1

1.0x10-2

7

u217

2.7x10-1

4.0x10-2

15

Glutamine

4.7x10-1

4.0x10-2

8

1,6-Anhydro-β-Glucose

2.7x10-1

4.3x10-2

16

Valine

4.7x10-2

3.8x10-3

8

Hypoxanthine

7.0x10-2

1.2x10-2

17

u122Triplet

1.3x10-1

1.0x10-2

8

Mannitol

3.5x10-1

5.9x10-2

17

π-Methylhistidine

9.6x10-1

8.1x10-2

Phenylalanine

3.1x10-1

5.3x10-2

17

τ-Methylhistidine

3.6x10-1

2.9x10-2

Sarcosine

4.0x10-2

6.6x10-3

17

Chlorogenate

2.3x10-2

2.1x10-3

2-Oxoglutarate

1.7x10-1

3.0x10-3

18

Ethanol

1.8x10-1

1.7x10-2

9

Leucine

2.4x10-2

4.2x10-3

18

Ethanolamine

7.9x10-1

6.8x10-2

9

Pantothenate

3.3x10-2

5.8x10-3

18

Taurine

1.0

9.7x10-2

9

2-Furoylglycine

2.1x10-1

4.0x10-2

19

3-Aminoisobutyrate

1.7x10-1

1.7x10-2

10

5-Aminolevulinate

3.8x10-1

7.3x10-2

19

Trigonelline

1.1x10-1

1.1x10-2

10

Malonate

3.2x10-1

6.0x10-2

19

(%)

RSD
(%)

3
3
3
3

6
6
6

8
8
9

129

Methionine

6.5x10-2

1.2x10-2

N-Acetyltyrosine

2.7x10-2

7.2x10-3

N-Phenylacetylglycine

2.3x10-1

4.2x10-2

27

Sucrose

1.7x10-1

4.5x10-2

Butanone

4.5x10-2

8.8x10-3

27

Lactose

4.7x10-1

1.3x10-1

Tyrosine

1.5x10-1

3.0x10-2

28

20

Lactulose

2.6x10-1

7.4x10-2

29

Anserine

1.0x10-1

2.1x10-2

21

N-Methylhydantoin

1.3x10-1

3.6x10-2

29

Arginine

2.3x10-1

4.9x10-2

21

u87

7.3x10-2

2.1x10-2

29

Histamine

2.2x10-1

4.5x10-2

21

Acetate

4.0x10-2

1.2x10-2

30

Trimethylamine

3.9x10-2

8.1x10-3

Homovanillate

6.5x10-2

1.9x10-2

30

u433

2.8x10-1

5.7x10-2

Indole-3-Lactate

1.4x10-1

4.1x10-2

30

3-Hydroxymandelate

5.2x10-2

1.1x10-2

ATP

2.8x10-2

8.8x10-3

31

Fumarate

3.1x10-3

6.9x10-4

Creatine

5.7x10-1

1.8x10-1

31

Gluconate

3.7x10-1

8.3x10-2

22

4-Hydroxy-3-Methoxymandelate

7.6x10-2

2.4x10-2

32

Histidine

6.5x10-1

1.4x10-1

22

Acetaminophen

2.6x10-2

8.2x10-3

32

Isoleucine

3.0x10-2

6.8x10-3

22

Ascorbate

2.1x10-1

6.8x10-2

32

u144

1.1

2.5x10-1

22

Glucose-6-Phosphate

4.7x10-1

1.5x10-1

32

Acetoacetate

4.4x10-2

1.0x10-2

23

O-Acetylcarnitine

6.4x10-2

2.0x10-2

32

Galactose

3.9x10-1

1.1x10-1

1,3-Dimethylurate

4.5x10-2

1.5x10-2

33

Tryptophan

1.8x10-1

4.3x10-2

Carnosine

3.4x10-1

1.1x10-1

33

u43

1.0x10-2

2.3x10-3

23

Fructose

3.6x10-1

1.2x10-1

33

Adipate

3.0x10-2

7.2x10-3

24

Nicotinic Acid Adenine Derivative

1.9x10-2

6.5x10-3

33

3-Indoxylsulfate

1.8x10-1

4.4x10-2

25

Nicotinate

2.4x10-2

8.2x10-3

34

4-Aminohippurate

7.1x10-2

1.8x10-2

25

Trimethylamine N-Oxide

4.4x10-1

1.6x10-1

36

Caffeine

6.5x10-2

1.6x10-2

25

u14Doublet

1.7

6.3x10-1

36

Galactarate

1.5x10-1

3.8x10-2

25

Phenylacetate

1.1x10-1

4.1x10-2

37

Tropate

2.5x10-2

6.3x10-2

Pyruvate

2.6x10-2

9.5x10-3

37

Trans-Aconitate

6.2x10-2

1.5x10-2

Threonine

1.7x10-1

6.5x10-2

38

uarm1

1.3x10-2

3.3x10-3

2-Aminobutyrate

2.5x10-2

9.9x10-3

40

Acetone

1.0x10-2

2.6x10-3

Glycolate

5.2x10-1

2.1x10-1

40

Choline

7.0x10-2

1.9x10-2

26

2-Hydroxyphenylacetate

6.2x10-2

2.6x10-2

41

Glucitol

4.0x10-1

1.1x10-1

26

4-Hydroyphenylacetate

5.4x10-2

2.5x10-2

41

Glucose

3.9x10-1

1.0x10-1

26

Oxypurinol

3.3x10-1

1.4x10-1

41

Glycylproline

3.9x10-1

9.9x10-2

26

5-Hydroxytryptophan

1.7x10-1

7.1x10-2

42

Pyridoxine

2.7x10-2

7.2x10-3

N-Acetylserotonin

2.9x10-2

1.2x10-2

43

u361

5.4x10-2

1.4x10-2

O-Phosphocholine

4.3x10-2

1.9x10-2

44

uarm2

1.1x10-2

2.7x10-2

Serotonin

2.0x10-1

8.9x10-2

45

4-Hydroxynenzoate

7.2x10-1

1.9x10-2

Succinate

1.7x10-2

7.8x10-3

45

Asparagine

3.2x10-1

8.7x10-2

27

u14

5.5x10-2

2.5x10-2

46

Maltose

4.4x10-1

1.2x10-1

27

4-Hydroxyphenyllactate

7.0x10-2

3.3x10-2

47

N,N-Dimethylglycine

8.2x10-2

2.2x10-2

27

6-Hydroxynicotinate

1.2x10-1

5.8x10-2

50

19
19
20

21
21
22
22

23
23

25
25
25
26

26
26
26
27
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u072

1.9x10-1

1.1x10-1

Xanthine

2.7x10-1

2.6x10-1

Lactate

1.1x10-1

6.7x10-2

97

61

u1125

5.4x10-2

5.9x10-2

u075

3.0x10-1

2.0x10-1

110

Methanol

4.3x10-2

3.0x10-2

68

3-Hydroxyphenylacetate

ND

ND

ND

Creatine Phosphate

2.8x10-1

2.2x10-1

70

Mandelate

ND

ND

ND

78

N-Phenylacetylphenylalanine

ND

ND

ND

Lysine

1.5x10-1

1.2x10-1

78

Urocanate

ND

ND

ND

Betaine

2.2x10-1

2.0x10-1

91

58
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Appendix G: Summary of passed urinary metabolite results
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133

134

135

136

137

138

