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Environmental exposure pathophysiology related to smoking can yield metabolic changes that are
difficult to describe in a biologically informative fashion with manual proprietary software. Nuclear
magnetic resonance (NMR) spectroscopy detects compounds found in biofluids yielding a metabolic
snapshot. We applied our semi-automated NMR pipeline for a secondary analysis of a smoking study
(MTBLS374 from the MetaboLights repository) (n = 112). This involved quality control (in the form
of data preprocessing), automated metabolite quantification, and analysis. With our approach we
putatively identified 79 metabolites that were previously unreported in the dataset. Quantified
metabolites were used for metabolic pathway enrichment analysis that replicated 1 enriched pathway
with the original study as well as 3 previously unreported pathways. Our pipeline generated a new
random forest (RF) classifier between smoking classes that revealed several combinations of
compounds. This study broadens our metabolomic understanding of smoking exposure by 1) notably
increasing the number of quantified metabolites with our analytic pipeline, 2) suggesting smoking
exposure may lead to heterogenous metabolic responses according to random forest modeling, and
3) modeling how newly quantified individual metabolites can determine smoking status. Our
approach can be applied to other NMR studies to characterize environmental risk factors, allowing
for the discovery of new biomarkers of disease and exposure status.
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1. Introduction

Cigarette smoke (CS) is made of harmful constituents that cause many diseases.! Additionally, there
are many indicators that CS exposure has led to increased medical costs and loss of productivity

¥ Morris A. Aguilar was supported on the PSU/NIDDK funded Integrative Analysis of Metabolic
Phenotypes (IAMP) Predoctoral Training Program (T32DK120509). Research reported in this publication
was supported by the National Cancer Institute of the National Institutes of Health under Award Number
RO1CA239256. This work was supported by the USDA National Institute of Food and Agriculture and
Hatch Appropriations under Project #PEN04275 and Accession #1018544, Huck Institutes for the Life
Sciences, Penn State Cancer Institute, and the Dr. Frances Keesler Graham Early Career Professorship.

© 2020 Aguilar, McGuigan, Hall. Open Access chapter published by World Scientific Publishing Company
and distributed under the terms of the Creative Commons Attribution Non-Commercial (CC BY-NC) 4.0
License.

316



Pacific Symposium on Bicomputing 26:316-327 (2021)

over a lifespan.? The thousands of reactive oxidative species (ROS) generated from burning
cigarettes are found in the gaseous state and are responsible for CS related pathogenesis.> The ROS
damage epithelial cell linings by disrupting oxidative-sensitive metabolism and triggering DNA
damage.* The effects of CS on immunity can be both pro-inflammatory and suppressive.® CS
derived ROS can lead to neuronal damage®, atherosclerosis, increases predisposition of
cardiovascular events’ and inhibit tumor suppressive mechanisms.! Metabolomic interrogations of
CS exposure may help investigators further understand the pathogenesis of several diseases strongly
associated with CS exposure. Metabolomics studies the small molecules from biological samples
that can reveal metabolic changes following environmental exposures.® With respect to the
genome, transcriptome, and proteome, metabolomics generally involves the small molecule
compounds that are metabolized by enzymes; the metabolome can act synergistically with other “-
omic” layers as well.!® Unlike other “-omics,” metabolomics reveals biochemical states and best
represents the molecular phenotype.® Additionally, metabolomic studies of disease can reveal new
biomarkers, understudied pathways, and prognosis measures to improve risk stratification.!!-!?

A previous metabolomic study of CS that incorporated NMR and MS data derived from human
blood serum found metabolites associated with chronic obstructive pulmonary disease,
cardiovascular disease and cancer.®-!3 This study by Kaluarachchi et al. is unique because it is the
only study to date that used 1D 1H NMR on human blood serum for CS exposure from which 3
metabolites were reported.!? The raw NMR data for this human blood serum CS exposure study (n
= 112) is publicly available on the MetaboLights repository as MTBLS374.%!3 The raw MTBLS374
data was originally analyzed with proprietary software to identify and quantify metabolites.

Although commercial software are popular, they often lack advanced editing, require iterative
steps, and involve arbitrary adjustments based on subjective user judgement.!* Previous studies
indicate that this manual method is prone to false positive metabolite identification that increases as
more metabolites are quantified.!>!¢ The NMR analysis described here incorporates several R and
Python packages to aid in the detection of additional metabolites that were previously unreported.
We created novel random forest classification (RF) models from the quantitative metabolite data
and the unprofiled spectra to classify smoking status. Furthermore, our RF classification decision
trees reveal the statistical importance of the detected biomarkers, and findings were supported by
pathway enrichment analysis.

Here we demonstrate how an environmental exposure like smoking and its metabolic effects can
be quantified and modeled with NMR data via open source packages. With our pipeline, we
quantified 79 previously undetected metabolites in this dataset. With the metabolite quantification
data generated from our pipeline, we developed 2 high fidelity models that classified between the
smoking classes. Our pipeline increases transparency of user set analysis parameters and unifies
existing open source packages for spectral processing and multivariate analyses.
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2. Methods
2.1. Data Set

The MTBLS374 dataset that was used for this study was acquired from the MetaboLights repository
and contains 1D 1H NMR spectra of human blood serum from 112 participants.®!3 The original
study also incorporated mass spectroscopy and lipoprotein fraction data in addition to NMR data to
identify biochemical differences in smoking classes.!® They found that the metabolites they detected
indicated that smoking exposure impacted glutathione, bilirubin and lipids. The authors suggested
that their metabolic enrichment pathways were related to chronic obstructive pulmonary disease,
cardiovascular diseases, and cancer.'® There were 55 (27 females, 28 males) smoker class samples
and 57 (28 female, 29 male) never smoker class samples. The participants were from Hamburg,
Germany who had a body mass index (BMI) within a healthy range and no clinical history of heart,
lung diseases and chronic diseases. The MTBLS374 data set sample labels were limited to gender
and smoking status (smoker/never smoker) due to adherence of participant privacy policies;
however, the original study included BMI, age, and drug intake in their confounding analysis. The
1H 1D NMR spectroscopy data was generated with the Carr-Purcell-Meiboom-Gill pulse sequence
with the following parameters: relaxation delay of 4 s, a mixing time of 0.01 s, a spin—echo delay of
0.3 ms, 128 loops and a free induction 3.067 s of decay acquisition time, total of 32 scans recorded
into 96 thousand data points with a spectral width of 20 ppm.!?

2.2. Pipeline

The innovation of the pipeline lies in its capability of extracting metabolomic data from raw data
NMR data in a semi-automated fashion (i.e., the arduous task of metabolite
identification/quantification has been made automated, yet some parameter choices are still needed
by the user). Open-source packages are unified to promote analysis reproducibility for the complex
multistep analytical process of quantifying metabolic effects of environmental exposures. Typically,
proprietary graphical user interface (GUI) software requires one set of software to edit the raw data
to remove instrumental artifacts, a separate GUI application for metabolite quantification, and a
separate statistical analysis software. These software do not record the repetitive and arbitrary user
decisions to manipulate the data which is not conducive to analysis reproducibly. The proprietary
software offers limited automation tools thereby constraining the user to iterative processes. The
pipeline we describe here addresses the multiple steps data processing (Figure 1) and analysis
challenges in environmental exposure metabolomics. We uploaded scripts to this pipeline to GitHub
(github.com/HallLab/MTBLS374 smoking study secondary analysis). We will describe the
application of our pipeline to cigarette smoke exposure below.

2.2.1 Preprocessing and Spectral Analysis

Before metabolites are identified and quantified, the first step in our pipeline is to preprocess the
NMR data (i.e., data editing to enhance signal-to-noise ratio and minimize instrumental artifacts).
This preprocessing is accomplished with the PepsNMR!* R package. A user may set parameters
before bulk preprocessing of NMR data. The raw NMR data was first pre-processed (Figure 1a) so
that the NMR data can be interpreted by subsequent analysis packages. The NMR spectra were zero-
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filled, Fourier transformed, zero phase corrected, first phase corrected, warping, binning, and
normalized semi-autonomously by using the PepsNMR presets.!* We corrected for pH-induced
chemical shifts with the warping and binning functions provided by PepsNMR. The NMR spectra
were normalized with constant sum normalization which is recommended for sera.'* The regions
corresponding to the water peak at 4.5 - 5.1 ppm were removed. The resulting output was pre-
processed NMR data (Figure 1b) that can be utilized as input for subsequent analyses. Data
clustering was observed with multivariate principal components analysis (PCA) analysis including
samples who were categorized as smoking classes, and quality control class. The pre-processed
binned spectral data was also used to generate random forest classification models with k-fold
(k=10) validation with the Scikit-learn (0.22.1) python package.!”

2.2.2 Identification and Quantification

The binned spectral data were tested for significant spectral differences between the smoking
classes. Between classes, each corresponding bin had a non-normal distribution thus warranting the
Wilcoxon Rank Sum Test and Bonferroni adjustment (o =0.05) (Figure 1¢).!® The spectral positions
of the significant bins (Figure 1c) were cross referenced from a pure metabolite standard from
HMDB to build a list of compounds that rDolphin'® (a profiling tool for 1IH-NMR-based studies)
automatically detects and quantifies within the preprocessed NMR data according to metabolite
multiplicity and chemical shifts (Figure 1d).

2.2.3 Analysis

The metabolite identification and quantification data output from rDolphin (Figure le) were used
for t-tests and as features to train a second random forest classifier with k-fold (k=10) validation.
The metabolite data was piped to the MetaboAnalyst R package (3.0.3) for data transformation such
as normalization by sum, log transform and pareto scaling for t-tests (Figure 11).2° Finally, the
transformed metabolite data were used for metabolic pathway enrichment based on ontologies from
the Kyoto Encyclopedia of Genes and Genomes (KEGG) Pathway Data Base and conducted via
MetaboAnalyst. The enrichment analysis had 2-fold filter criteria.
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Fig 1. Semi-automatied pipeline for NMR based environmental exposure studies. The pipeline
connected open source packages (white boxes). Outputs are represented in gray boxes.

3. Results

A PCA was conducted on the pre-processed NMR spectral data to reveal clustering patterns based
on smoking status and gender (Figure 2). Results from the PCA with the smoking classes indicate
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that the clusters overlap more so than the gender-based classes. PC1 and PC2 explain 77.0% and
13.3% of the variance for the gender and smoking status groups. The PCA results suggest that the
gender classes may be a confounding factor. Logistic regression to test if gender was a significant
predictor of smoking status in our data set yielded a non-significant (p-value: 0.40) predictor of
smoking status.
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Fig. 2. PCA Clustering of Smoking Status (A) and Gender Classes (B). PC 1 and PC2 are represented
on the x-axis and y-axis, respectively. A) The PCA plot clustered the data points according to the
female (green) and male (blue) classes according to PC 1 and PC 2. B) The PCA plot clusters the data
points according to the smoker class (blue) and never smoker class (red). Both plots have a quality
control class (red in subplot A and green in subplot B) to gauge technical variance.
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To assess which NMR peaks warrant metabolite identification and quantification, the NMR
spectral bins from 0.0 ppm to 10.0 ppm between the smoking classes were tested for significant
differences in 467 spectral bins. For the Wilcoxon Rank Sum test, each bin was compared to its
corresponding position in the NMR spectra between classes, i.e., the bin at position 1 ppm from the
smoking class was only compared to the bin at position 1 ppm for the never smoker class. Each of
the 467 non-normal spectral bins were tested for significance with the Wilcoxon Rank Sum test and
32 bins were significant when Bonferroni-adjusted (a: 0.05) (Figure 3). Spectral bins passing this
threshold were investigated for metabolite identification and quantification via the rDolphin peak
aligner.
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Fig. 3. Manhattan plot of spectral bin associations with smoking status. The NMR spectrum for each
sample was represented on the x-axis from 0 — 10 ppm and divided into bins with widths of 0.02 ppm
and the y-axis represents the -log (10) of the p-value. The red line represents the Bonferroni
significance threshold (alpha: 0.05, 467 tests). The absence of data points between at 4.5 - 5.1 ppm
was expected due to the removal of the water signal.

After metabolite quantification, the 79 putatively identified metabolites and their relative
concentrations were sum normalized, log transformed and pareto scaled for univariate two tailed t-
tests. When the smoking classes were compared, 6 compounds were significant after Bonferroni
adjustment (Figure 4). The significant metabolites include: Indole-3-propionicacid (p-value: 5.24x
10%), Indoxyl sulfate (p-value: 6.57 x 10°), N-Acetyl-L-aspartic (p-value: 1.27 x 107), xanthine (p-
value: 3.36 x 107), L-tryptophan (p-value: 7.36 x 10-) and L-histidine (p-value: 0.00010336).
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Fig. 4. Manhattan plot of metabolite associations with smoking status. The Manhattan plot displays
the metabolites on the x-axis and their -log(10) p-values on the y-axis. The red line represents the
Bonferroni corrected significance threshold. The blue and yellow triangles represent increased and
decreased metabolites.

Two types of RF models were generated and were trained with either spectral data or quantitative
metabolic data (Figure 5). For smoking status, the models demonstrated an AUC of 0.76 (SD: 0.15)
for spectral bins (Figure 5a) and an AUC of 0.86 (SD: 0.14) for quantified metabolites (Figure 5c).
For gender, the models demonstrated an AUC 0.70 (SD: 0.15) for spectral bins (Figure 5b) and
AUC of 0.41 (SD: 0.13) for quantified metabolites (Figure 5d).
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Fig. 5. Smoking classes and gender classes prediction from spectral bins and metabolites. The ROC
curves represent the RF models’ ability to discriminate between case and control and characterizes
the model’s true positive and false positive rates. The plots also depict the model for every k-fold
cross validation and the thick blue line represents the mean ROC curve derived from the cross
validated models. A set of RF models were created by using the NMR spectral bins (467 per sample)
as features. Another RF model set was created using the quantified metabolite data generated from
the compound detection.

We created the decision tree from the RF model trained on the quantitative metabolic data that
predicted smoking classes (Figure 6). When the RF model was trained it iteratively split the smoking
classes into two branches but not all splits are perfect. Gini impurity represents the quality of the
split between smoking classes at a node and a perfect split between classes at a node has a value of
0 like the terminal nodes in (Figure 6). 2,4-dichlorophenol (Figure 6a), 3-nitrotyrosine (Figure 6b),
and xanthurenic acid (Figure 6¢) have a gini impurity of 0.1, 0.36, and 0.23, respectively. The gini
impurity at the 3-nitrotyrosine node indicates that the metabolite is not always perturbed for the
smoking class which reveals smoking exposure metabolic heterogeneity. Also, at each node the
percent of samples in the dataset that fulfill the quantitative threshold is given for each metabolite
in the tree. The multivariate RF model indicates how combinations of metabolic perturbations occur
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depending on CS exposure which is more representative the highly interconnected metabolic
biology of humans.

Methylsuccinic acid <= 0.01 % X
Slos s, samples samples = 26,6%
samples = 48.4% =
value = [0.51, 0.49] = p&s&%
class = Never Smoker = Never

Thiamine <= 0.02

Xanthine <= 0.0
gini = 0.49
samples = 100.0%

value = [0.43, 0.57)
class = Smoker

Fig. 6. Metabolite random forest model for smoking classes prediction. This metabolite-based RF
model has a decision tree that places each metabolite at a node and branches according to a Boolean
quantitative threshold; when a condition was true the node branches upwards and if the condition was
false the node branches downwards. Notable metabolites in the tree include A) 2,4-dichlorophenol,
B) 3-nitrotyrosine, and c) xanthurenic acid. The decision tree emphasizes that several unique
combinations of biomarkers differentiate smoking classes.

To determine which metabolic pathways were significantly perturbed, we performed enrichment
tests on the 79 metabolites we quantified (that were found in the statistically significant spectral
bins) and were mapped to known metabolic pathways from the KEGG database. The top 15
metabolic pathways that were perturbed between smoking classes are listed (Figure 7). The
Bonferroni-adjusted significant pathways were aminoacyl-tRNA biosynthesis, histidine
metabolism, purine metabolism, and beta-alanine metabolism. At most, the significantly enriched
pathways have two metabolite hits which means that 2 of the metabolites we newly quantified are
known to participate in that metabolic pathway.

Aminoacyl-tRNA biosynthesis I
Histidine metabolism I
Purine metabolisrm || .
Beta-Alanine metabolism [
Tryptophan metabolism ﬁ ___________
Steroid hormone biosynthesis [
Pyrimidine metabolism [
Thiamine metabolism [ se-01 P-value
Tyrosine metabolism [ ]
Glutathione metabolism [
Biotin metabolism ]
Riboflavin metabolism ]
Glycine, serine and threonine metabolism [] 1e+00
Cysteine and methionine metabolism []
Arachidonic acid metabolism [
0

o

10 15
Fold Enrichment

Fig. 7. Metabolite enrichment overview. Metabolite enrichment analysis—with a 2-fold change
criterion—from the KEGG Pathways data base reveals pathways that are enriched due to smoking
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status. The metabolic pathways above the black dashed line represents statistical significance after
Bonferroni adjusted (o = 0.05) multiple test correction.

4. Discussion

Environmental exposures can perturb the complex human metabolome, and it is difficult to quantify
the numerous metabolic pathways with NMR data using proprietary software with limited
automation features and no record of data transformation. We demonstrated the technical feasibly
of describing the metabolome when affected by an environmental exposure like CS by unifying
open source NMR packages. The MTBLS374 NMR data set was originally used to quantify 3
specific metabolites; however, the NMR spectra of each human blood serum sample was
representative of thousands of metabolites that are expected to be found.?! We demonstrated our
pipeline’s potential to increase the number of quantified metabolites.

To understand the global metabolomic differences between the smoking status classes and the
gender classes, PCA was performed. The PCA cluster based on spectral data indicated more distinct
separation between the gender-based classes than smoking exposure classes. The female and male
groups have clusters that overlap with one another (Figure 1a), which suggests there may be more
spectral differences related the metabolic sexual dimorphism which has been demonstrated
previously.?? The pooled quality control classes clustered more tightly relative to the gender and
smoking based classes, and we expected the quality control samples to display very little variance
between one another and the variance that that we do detect likely came from variance from the
NMR instrumentation.

We found 6 significant metabolites, all of which were not previously identified in the data set,
however, we did only detect 1 out of the 3 metabolites the original authors found in the NMR data.
We used a new computational approach involving semi-automated pre-processing and automated
metabolite quantification open source packages as opposed to proprietary software like the original
authors. Therefore, we did not necessarily expect to detect the same metabolites from the NMR data.
Of the significantly perturbed metabolites from Figure 3, Indole-3-propionicacid is known to be
neuroprotective antioxidant®* and more likely to be affected in smokers with atherosclerosis.*
Indoxyl sulfate is a known cardiotoxin and uremic toxin.?> A previous study found that indoxyl
sulfate is lower in smokers’ blood serum, while here we found it was elevated.?® N-Acetyl-L-aspartic
acid is one of the most concentrated compounds in the brain for myelin?’ and a previous study found
that this metabolite is decreased in the left hippocampus tissue in smokers.?® In our analysis we
found that N-Acetyl-L-aspartic acid was elevated in blood serum. Xanthine is involved in the purine
degradation pathway.?® The xanthine oxidase enzyme is elevated in smokers and it produces uric
acid by consuming xanthine as a precursor molecule.>® We found that xanthine was significantly
decreased in blood serum which might be due to its consumption of elevated xanthine oxidase. L-
Tryptophan is an amino acid that is a precursor to hormones and neurotransmitters®! and has been
found to be downregulated in those attempting to quit smoking.*? In our study we found that L-
Tryptophan was significantly elevated which might play a role in cigarette smoking related
behavior. L-Histidine is an essential amino acid and is a precursor to an inflammatory agent,
histamine.®® L-Histidine is depressed in smokers without chronic obstructive pulmonary disease
(COPD) versus those with COPD suggesting its consumption for histamine production thereby
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increasing inflammatory response.>* In our study, L-Histidine is significantly decreased suggesting
that we might detect markers of inflammation in blood serum due to CS exposure. The significant
perturbations of these 6 metabolites reinforces how CS exposure contributes to pathologies relating
to ROS metabolism, cardiac damage, neural toxicity, and inflammatory response. Given that CS
exposure perturbs individual metabolites it follows that it was possible to classify smoking exposure
classes based on these perturbations.

The metabolite-based RF model that predicted smoking status has a decision tree that found
novel relationships between metabolites. 2,4-Dichlorophenol (Figure 6a) is a known hazardous air
pollutant and is a soil pollutant that tobacco plants can absorb.?>* Within the context of other
metabolites, 2,4-dichlorophenol is a necessary smoking class decision node. Smoking is associated
with a decrease in 3-nitrotyrosine levels of plasma proteins and vascular endothelial dysfuction.?”
3-Nitrotyrosine (Figure 6b) was not significant within our univariate t-tests but in a multivariate
context 3-nitrotyrosine was a necessary decision node for smoking classes. Although there is an
inverse metabolic relationship between xanthine and neuronal uptake of xanthurenic acid®® on the
path towards the terminal node (Figure 5c), there is no documented relation of these two metabolites
with respect to smoking exposure. The root nodes in the decision tree (Figure 6) begin with a high
gini impurity and terminate with O impurity. This means that each terminal node is dependent on
the node path leading back to the root metabolite in the tree. In other words, these metabolite changes
were dependent on one another to yield a metabolic profile indicative of the smoking classes. The
combinations of these metabolites have not been previously documented and suggests a
heterogenous response to a smoking exposure. These metabolite combinations used to classify
smoking exposure status may be indicative of interconnected perturbations of metabolic pathways.
Nevertheless, the decision tree found a statistical relationship and did not relate metabolites to
mapped metabolic pathways.

We conducted a pathway enrichment analysis to relate how the metabolic perturbations we
quantified relate to previously empirically derived metabolic pathways. In the enrichment analysis
we included the 79 putatively identified compounds we quantified from NMR data. The original
study found that the aminoacyl-tRNA biosynthesis was one of the top significantly enriched
pathways which we replicated in this automated analysis. Another smoking exposure blood serum
based mass spectroscopy study also corroborated the enrichment of aminoacyl-tRNA biosynthesis.*
Nonetheless we found purine, histidine, and biotin pathways to be enriched which was not
previously described for human samples with CS exposure. These three pathways that we newly
derived from NMR data is supported by a previous mass spectrometry blood serum based smoking
study in a mouse model.*° A smoking exposure NMR study on mouse lung tissue extracts also found
purine and histidine pathway perturbations likely due to cell injury.*! In particular the purine
pathway perturbation might be due to CS related DNA damage and cell injury.* The original study’s
enrichment analysis was supplemented by mass spectroscopy data, which may contribute to
divergence in enrichment results.

Although this study demonstrates that our pipeline can reveal more NMR generated
metabolomic information about environmental exposures, we did not uncover all of the possible
metabolic perturbations. The significant results from the univariate analysis described here provided
a limited viewing window into the CS exposure metabolome because it does not describe the
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interconnected reality of human metabolism. The RF decision tree begins to describe interconnected
metabolism and suggests that multiple combinations of metabolites are associated with the smoking
classes. However, these combinations are not to be interpreted as being the only metabolites that are
perturbed. Given that the public repository did not include the BMI, age, and drug intake data from
the original study, we were not able to do additional confounder tests. Scalability of the pipeline
becomes limited with data sets larger than MTBLS374 given that the preprocessing package
(PepsNMR) and peak alignment package (rDolphin) where not coded with multicore support. Next
steps include testing this pipeline on other NMR based environmental exposure studies to classify
disease status, replicating major findings, and describing novel findings. Nonetheless, our unified
pipeline overcame the limitations of manual NMR pre-processing and quantification and has
enabled us to extract valuable metabolomic findings regarding smoking exposure.

S. Conclusion

Here we demonstrate how an environmental exposure like smoking and its metabolic effects can be
quantified and modeled with NMR data. Our approach of filtering spectral bins via multiple tests
informed which metabolites were automatically quantified. The RF modeling reveals how several
unique combinations of metabolites are associated with smoking classes. This suggests there are
more than one combination of metabolite perturbations associated with smoking and a heterogenous
response to smoking exposure. Several of the metabolites that belong to these combinations have a
known relationship to smoking and/or cellular damage. The novelty of our analysis approach lies in
breaking from the conventional manual analysis methods and promoting study reproducibility.

References

1. Das, S. K. Harmful health effects of cigarette smoking. Mol. Cell. Biochem. 253, 159-165 (2003).

2. Max, W. The Financial Impact of Smoking on Health-Related Costs: A Review of the Literature. Am. J. Health
Promot. 15, 321-331 (2001).

3. Huang, M.-F., Lin, W.-L. & Ma, Y.-C. A study of reactive oxygen species in mainstream of cigarette. /ndoor Air
15, 135-140 (2005).

4. Valavanidis, A., Vlachogianni, T. & Fiotakis, K. Tobacco Smoke: Involvement of Reactive Oxygen Species and
Stable Free Radicals in Mechanisms of Oxidative Damage, Carcinogenesis and Synergistic Effects with Other
Respirable Particles. IJERPH (2009).

5. Lee,J., Taneja, V. & Vassallo, R. Cigarette Smoking and Inflammation: Cellular and Molecular Mechanisms. J.
Dent. Res. 91, 142—-149 (2012).

6. Swan, G. E. & Lessov-Schlaggar, C. N. The Effects of Tobacco Smoke and Nicotine on Cognition and the Brain.
Neuropsychol. Rev. 17,259-273 (2007).

7. Ambrose, J. A. & Barua, R. S. The pathophysiology of cigarette smoking and cardiovascular disease: An update.
J. Am. Coll. Cardiol. 43, 1731-1737 (2004).

8. Haug, K. et al. MetaboLights: a resource evolving in response to the needs of its scientific community. Nucleic
Acids Res. doi:10.1093/nar/gkz1019.

9. Dona, A. C. et al. Precision High-Throughput Proton NMR Spectroscopy of Human Urine, Serum, and Plasma
for Large-Scale Metabolic Phenotyping. Anal. Chem. 86, 9887-9894 (2014).

10. Sun, Y. V. & Hu, Y.-J. Integrative Analysis of Multi-omics Data for Discovery and Functional Studies of
Complex Human Diseases. Adv. Genet. 93, 147-190 (2016).

11. Vignoli, A. et al. NMR-based metabolomics identifies patients at high risk of death within two years after acute
myocardial infarction in the AMI-Florence II cohort. BMC Med. 17, 3 (2019).

12. Hendriks, M. M. W. B. et al. Data-processing strategies for metabolomics studies. 7rAC Trends Anal. Chem. 30,
1685-1698 (2011).

13. Kaluarachchi, M. R., Boulangé, C. L., Garcia-Perez, 1., Lindon, J. C. & Minet, E. F. Multiplatform serum
metabolic phenotyping combined with pathway mapping to identify biochemical differences in smokers.
Bioanalysis 8, 2023-2043 (2016).

326



14.
15.

16.

17.
18.

19.

20.

21.

22.

23.

24.

25.
26.

27.

28.

29.
30.

31.

32.

33.
34.

35.

36.

37.

38.

39.

40.

41.

Pacific Symposium on Bicomputing 26:316-327 (2021)

Martin, M. et al. PepsNMR for |H NMR metabolomic data pre-processing. Anal. Chim. Acta 1019, 1-13 (2018).
Walker, L. R. ef al. Unambiguous metabolite identification in high-throughput metabolomics by hybrid 1D 1H
NMR/ESI MS1 approach. Magn. Reson. Chem. 54, 998—1003 (2016).

Tredwell, G. D., Behrends, V., Geier, F. M., Liebeke, M. & Bundy, J. G. Between-Person Comparison of
Metabolite Fitting for NMR-Based Quantitative Metabolomics. Anal. Chem. 83, 8683—-8687 (2011).

Pedregosa, F. et al. Scikit-learn: Machine Learning in Python. J. Mach. Learn. Res. 12, 2825-2830 (2011).
Wilcoxon, F. Individual Comparisons by Ranking Methods. in Breakthroughs in Statistics: Methodology and
Distribution (eds. Kotz, S. & Johnson, N. L.) 196-202 (Springer, 1992). doi:10.1007/978-1-4612-4380-9 16.
Canueto, D., Goémez, J., Salek, R. M., Correig, X. & Caiellas, N. rDolphin: a GUI R package for proficient
automatic profiling of 1D 1H-NMR spectra of study datasets. Metabolomics 14, 24 (2018).

Xia, J., Sinelnikov, I. V., Han, B. & Wishart, D. S. MetaboAnalyst 3.0—making metabolomics more meaningful.
Nucleic Acids Res. 43, W251-W257 (2015).

Wishart, D. S. et al. HMDB 4.0: the human metabolome database for 2018. Nucleic Acids Res. 46, D608—D617
(2018).

Krumsiek, J. et al. Gender-specific pathway differences in the human serum metabolome. Metabolomics 11,
1815-1833 (2015).

Chyan, Y. J. et al. Potent neuroprotective properties against the Alzheimer beta-amyloid by an endogenous
melatonin-related indole structure, indole-3-propionic acid. J. Biol. Chem. 274, 21937-21942 (1999).

Cason, C. A. et al. Plasma microbiome-modulated indole- and phenyl-derived metabolites associate with
advanced atherosclerosis and postoperative outcomes. J. Vasc. Surg. 68, 1552-1562.¢7 (2018).

PubChem. Indoxyl sulfate. https://pubchem.ncbi.nlm.nih.gov/compound/10258.

Viaene, L. et al. Heritability and Clinical Determinants of Serum Indoxyl Sulfate and p-Cresyl Sulfate, Candidate
Biomarkers of the Human Microbiome Enterotype. PLOS ONE 9, ¢79682 (2014).

Nordengen, K., Heuser, C., Rinholm, J. E., Matalon, R. & Gundersen, V. Localisation of N-acetylaspartate in
oligodendrocytes/myelin. Brain Struct. Funct. 220, 899-917 (2015).

Gallinat, J. et al. Abnormal Hippocampal Neurochemistry in Smokers: Evidence From Proton Magnetic
Resonance Spectroscopy at 3 T. J. Clin. Psychopharmacol. 27, 80-84 (2007).

PubChem. Xanthine. https://pubchem.ncbi.nlm.nih.gov/compound/1188.

Shah, A. A., Khand, F. & Khand, T. U. Effect of smoking on serum xanthine oxidase, malondialdehyde, ascorbic
acid and a-tocopherol levels in healthy male subjects. Pak. J. Med. Sci. 31, 146-149 (2015).

Slominski, A. et al. Conversion of L-tryptophan to serotonin and melatonin in human melanoma cells. FEBS Lett.
511, 102-106 (2002).

Bowen, D. J., Spring, B. & Fox, E. Tryptophan and high-carbohydrate diets as adjuncts to smoking cessation
therapy. J. Behav. Med. 14, 97-110 (1991).

PubChem. Histidine. https://pubchem.ncbi.nlm.nih.gov/compound/6274.

Diao, W. et al. Disruption of histidine and energy homeostasis in chronic obstructive pulmonary disease. Int. J.
Chron. Obstruct. Pulmon. Dis. 14,2015-2025 (2019).

Talano, M. A. et al. Phytoremediation of 2,4-dichlorophenol using wild type and transgenic tobacco plants.
Environ. Sci. Pollut. Res. 19, 2202-2211 (2012).

Laurent, F., Canlet, C., Debrauwer, L. & Pascal-Lorber, S. Metabolic fate of [ 14C]-2,4-dichlorophenol in tobacco
cell suspension cultures. Environ. Toxicol. Chem. 26, 2299-2307 (2007).

Jin Hongjun ef al. Smoking, COPD, and 3-Nitrotyrosine Levels of Plasma Proteins. Environ. Health Perspect.
119, 1314-1320 (2011).

Gobaille, S. et al. Xanthurenic acid distribution, transport, accumulation and release in the rat brain. J.
Neurochem. 105, 982-993 (2008).

Liu, G., Lee, D. P., Schmidt, E. & Prasad, G. Pathway Analysis of Global Metabolomic Profiles Identified
Enrichment of Caffeine, Energy, and Arginine Metabolism in Smokers but Not Moist Snuff Consumers.
Bioinforma. Biol. Insights 13, 1177932219882961 (2019).

Cruickshank-Quinn, C. I. et al. Transient and Persistent Metabolomic Changes in Plasma following Chronic
Cigarette Smoke Exposure in a Mouse Model. PLoS ONE 9, (2014).

JZ, H. et al. Metabolite Signatures in Hydrophilic Extracts of Mouse Lungs Exposed to Cigarette Smoke
Revealed by 1H NMR Metabolomics Investigation. Metabolomics Open Access 5, (2015).

327





