
Application of high-resolution metabolomics to identify 
biological pathways perturbed by traffic-related air pollution

Zhenjiang Li1, Donghai Liang1, Dongni Ye1, Howard H. Chang2, Thomas R. Ziegler3, Dean 
P. Jones4, Stefanie T. Ebelt1

1Gangarosa Department of Environmental Health, Rollins School of Public Health, Emory 
University, Atlanta, USA

2Department of Biostatistics and Bioinformatics, Rollins School of Public Health, Emory 
University, Atlanta, USA

3Division of Medicine, Emory University School of Medicine, Atlanta, GA, USA

4Division of Pulmonary, Allergy, and Critical Care Medicine, School of Medicine, Emory University, 
Atlanta, United States

Abstract

Background: Substantial research has investigated the adverse effects of traffic-related air 

pollutants (TRAP) on human health. Convincing associations between TRAP and respiratory and 

cardiovascular diseases are known, but the underlying biological mechanisms are not well 

established. High-resolution metabolomics (HRM) is a promising platform for untargeted 

characterization of molecular mechanisms between TRAP and health indexes.

Objectives: We examined metabolic perturbations associated with short-term exposures to 

TRAP, including carbon monoxide (CO), nitrogen dioxide (NO2), ozone (O3), fine particulate 

matter (PM2.5), organic carbon (OC), and elemental carbon (EC) among 180 participants of the 

Center for Health Discovery and Well-Being (CHDWB), a cohort of Emory University-affiliated 

employees.

Methods: A cross-sectional study was conducted on baseline visits of 180 CHDWB participants 

enrolled during 2008-2012, in whom HRM profiling was determined in plasma samples using 

liquid chromatography-high-resolution mass spectrometry with positive and negative electrospray 

ionization (ESI) modes. Ambient pollution concentrations were measured at an ambient monitor 

near downtown Atlanta. Metabolic perturbations associated with TRAP exposures were assessed 
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following an untargeted metabolome-wide association study (MWAS) framework using feature-

specific Tobit regression models, followed by enriched pathway analysis and chemical annotation.

Results: Subjects were predominantly white (76.1%) and non-smokers (95.6%), and all had at 

least a high school education. In total, 7,821 and 4,123 metabolic features were extracted from the 

plasma samples by the negative and positive ESI runs, respectively. There are 3421 features 

significantly associated with at least one air pollutant by negative ion mode, and 1691 features by 

positive ion mode. Biological pathways enriched by features associated with the pollutants are 

primarily involved in nucleic acids damage/repair (e.g., pyrimidine metabolism), nutrient 

metabolism (e.g., fatty acid metabolism), and acute inflammation (e.g., histidine metabolism and 

tyrosine metabolism). NO2 and EC were associated most consistently with these pathways. We 

confirmed the chemical identity of 8 metabolic features in negative ESI and 2 features in positive 

ESI, including metabolites closely linked to oxidative stress and inflammation, such as histamine, 

tyrosine, tryptophan, and proline.

Conclusions: We identified a range of ambient pollutants, including components of TRAP, 

associated with differences in the metabolic phenotype among the cohort of 180 subjects. We 

found Tobit models to be a robust approach to handle missing data among the metabolic features. 

The results were encouraging of further use of HRM and MWAS approaches for characterizing 

molecular mechanisms underlying exposure to TRAP.
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1 INTRODUCTION

Outdoor air pollution is an important environmental risk factor for human health all over the 

world (Lelieveld et al. 2015). With the fast development of urbanization and increasing 

number of vehicles on the roads, traffic-related air pollution (TRAP) have become a major 

source of ambient air pollution in urban areas, which contribute 25–40% of the ambient 

levels of major air pollutants (Greenbaum 2013; Health Effects Institute 2010). These TRAP 

pollutants include carbon monoxide (CO), nitrogen dioxide (NO2), fine particulate matter 

[PM2.5, with components such as elemental carbon (EC), organic carbon (OC), and metals] 

that are emitted directly from vehicles via combustion processes and tire and brake wear, 

along with ozone (O3), a secondary by-product (Greenbaum 2013).

There has been substantial research investigating the effects of TRAP on respiratory and 

cardiovascular diseases, where TRAP and its components were found to be associated with 

cardiopulmonary morbidity and mortality, with impacts on stroke, asthma exacerbation, 

impaired lung function, and non-asthmatic respiratory allergy (Health Effects Institute 

2010). Over the last decade, more studies have further characterized health effects associated 

with TRAP and ambient air pollution for susceptible populations in a broader view of 

clinical outcomes. These epidemiological literature pointed to detrimental effects beyond the 

cardiovascular and respiratory systems, with observed associations of TRAP and its 

components with outcomes such as diabetes mellitus, hypertension disorder of pregnancy, 
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preterm birth, low birth weight, and neurotoxicity (Brauer et al. 2008; Costa et al. 2017; Eze 

et al. 2015; National Toxicology Program 2019; Wilhelm et al. 2011).

Given the abundance of studies reporting TRAP-related adverse health outcomes, it is 

critical to identify biological mechanisms underlying the effects of TRAP. Systemic 

inflammatory markers, oxidative stress factors, and cell counts in blood have been the main 

endpoints measured in the more recent studies, which were considered as proxies of TRAP-

induced internal perturbation (Carvalho et al. 2018; Chiu et al. 2016; Golan et al. 2018; 

Jacobs et al. 2010; Krishnan et al. 2013; Kubesch et al. 2015; Sarnat et al. 2014; Zuurbier et 

al. 2011). However, controversies exist among these studies, which are likely largely due to 

the lack of robust and specific biomarkers that accurately reflect TRAP exposure or the 

corresponding effects. In addition, some researchers have employed plasma circulating 

microRNAs, whole blood RNA, or mitochondrial abundance to identify changes in gene 

expression following exposure to TRAP; the findings indicate some molecular mechanisms 

involved in the pathogenesis of multiple diseases, such as breast and lung cancers, and 

cardiovascular diseases (Chu et al. 2016; Krauskopf et al. 2018; Zhong et al. 2016). Overall, 

research is in progress to provide insights that TRAP can induce diverse biological responses 

in the human body, while the underlying molecular mechanisms remain largely inconclusive. 

Exploration of novel internal biomarkers which could sensitively reflect the direct or indirect 

health responses to exposure to TRAP is warranted.

High-resolution metabolomics (HRM) is an advanced analytical method for identification of 

internal metabolites (e.g., present in a given biological media, such as blood or saliva). This 

method provides new opportunities for epidemiologists to investigate the associations of 

external exposures with endogenous processes at the molecular level (Jones et al. 2012; 

Uppal et al. 2016). In most prior work, targeted methods have been used to identify and 

quantify a defined set of metabolites (e.g., targeted biomarkers of inflammation or oxidative 

stress) in a single sample run. In recent years, untargeted HRM has emerged as a powerful 

platform to improve internal exposure estimation to complex environmental mixtures by 

providing identification and quantitation of thousands of metabolites in biological samples 

associated with endogenous and exogenous processes (Bundy et al. 2009; Lankadurai et al. 

2013; Miller and Jones 2014; Uppal et al. 2016). Several previous studies have demonstrated 

the applicability of using high-resolution metabolomics as a central platform linking TRAP 

exposures to internal dose and biological responses (Chen et al. 2019; Ladva et al. 2018; 

Liang et al. 2018b; Liang et al. 2019; van Veldhoven et al. 2019).

To expand on this growing body of research and further explore the biological pathways 

perturbed by TRAP exposures, we performed a cross-sectional study nested in a cohort with 

a sample size of 180 participants. In the present study, we followed an untargeted HRM 

MWAS workflow to identify the biological pathways perturbed by TRAP among 

participants at baseline in the Center for Health Discovery and Wellbeing (CHDWB), a 

cohort of Emory University-affiliated employees in Atlanta, Georgia, USA. The CHDWB 

cohort was an observational study designed to investigate deep clinical and metabolic 

phenotyping and the effects of clinical self-knowledge and health partner counseling 

(Tabassum et al. 2014). We applied untargeted HRM to 180 plasma samples collected at 

participants’ baseline visit to obtain HRM profiles and applied these data in epidemiologic 
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analyses using Tobit regression model to identify metabolic features associated with short-

term exposures to ambient CO, NO2, O3, PM2.5, EC, and OC. Pathway enrichment analysis 

and chemical annotation were conducted to identify biological pathways enriched by 

significant metabolic features and validate the observed untargeted metabolic associations.

2 MATERIAL AND METHODS

2.1 Study Design

The present study was a cross-sectional design that included the baseline visits of 180 

participants in the CHDWB cohort. Details of the cohort can be found elsewhere (Brigham 

2010; Rask et al. 2011; Tabassum et al. 2014). Briefly, the CHDWB cohort was initiated in 

May 2008 and randomly recruited employees affiliated with Emory University from 2008 to 

2012. The participants were free of poorly controlled chronic diseases or acute illness at the 

time of recruitment. Basic demographics and plasma samples were collected during the 

clinical visit, along with tobacco and alcohol usage. A total of 180 participants completed 

the baseline visits and had their plasma samples analyzed by untargeted HRM profiling at 

the Clinical Biomarkers Laboratory at Emory University (Bellissimo et al. 2019). All 

participants provided informed consent, and the study was approved by the Emory 

University Institutional Review Board.

2.2 Exposure Assessment

For the study period (2008-2012), continuous measurements of CO, NO2, O3, PM2.5, EC, 

and OC were made at Jefferson St. (JST), an ambient monitoring site near downtown 

Atlanta. Measurements from the JST site have been used previously to generate population 

exposure estimates in analyses examining short-term health effects associated with ambient 

air pollution exposures (Darrow et al. 2009; Metzger et al. 2003; Strickland et al. 2010; 

Tolbert et al. 2000) and is generally considered to be representative of daily variation in 

Atlanta urban background pollutant concentrations and composition (Edgerton et al. 2005; 

Liang et al. 2018a; Solomon et al. 2002). The details of site information and measure 

methods can be found elsewhere (Hansen et al. 2006). Briefly, CO was measured 

continuously with 1-min resolution using a TEI Model 48S NDIR analyzer. NO2 was not 

directly measured but converted photolytically from nitrogen monoxide (NO), and NO was 

measured continuously using a TEI Model 42ctl analyzer via chemiluminescence. O3 was 

measured by UV-based ozone analyzer. All trace gases were aggregated to the daily level 

and reported as daily 1-hr maximum values (for CO and NO2) or daily 8-hr maximum 

values (for O3). PM2.5 was measured continuously with an R&P Model 1400 a/b tapered 

element oscillating microbalance (TEOM). OC and EC were measured using an R&P Model 

5400 ambient particulate carbon monitor with 60-min resolution. PM2.5 and its components 

were reported as daily 24-hr averages. The daily concentration of each pollutant was 

assigned to each participant according to the date of their baseline visit. Daily 

meteorological data were obtained from the Atlanta Hartsfield-Jackson International Airport.

2.3 High-Resolution Metabolomics

In total, we collected and analyzed 180 plasma samples using established protocols (Ladva 

et al. 2017; Liang et al. 2018b; Liang et al. 2019). Briefly, the biological samples were 
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randomized into blocks of 20 for de-identifying and blinding. A pooled plasma sample had 

been referenced against the National Institute of Standards and Technology (NIST) 1950 

standard reference material and added to each analytical batch. Samples underwent the 

following process before the analysis: 65 μL of plasma stored at −80°C was added to 130 μL 

of acetonitrile which contains 3.5 μL mixture of 14 stable isotope standards (Soltow et al. 

2013). Precipitated proteins were pelleted via centrifugation for 10 min at 4°C and 14,100 × 

g after mixing and incubation at 4°C for 30 min. Following protein precipitation, triplicate 

10 mL aliquots were analyzed by reverse-phase C18 liquid chromatography with Fourier 

transform mass spectrometry (Dionex Ultimate 3000, Q-Exactive, Thermo Scientific, 

Waltham, MA). The analysis was operated in either negative or positive electrospray 

ionization (ESI) mode, since having data from both modes should provide a more 

comprehensive profile of metabolism than data extracted from only one mode; compounds 

are ionized with different ionization efficiency between the positive and negative ion mode, 

which results in varying sensitivity and detection limits (Liigand et al. 2017). Each 

compound would have a mass-to-charge (m/z) ratio with the within 85 to 1275 and a 

retention time that the compound needed to pass through the chromatography column. Data 

from each analytical run was saved in both the .RAW format and converted to the .mzMl 

format using ProteoWizard (v.3). Then, metabolic profiles were extracted by apLCMS with 

modifications using the R package xMSanalyzer (Uppal et al. 2013). The detailed codes for 

xMSanalyzer are provided in the Supplemental Material. Briefly, two sets of minimum 

length of elution time and minimum proportion of scans were employed, as xMSanalyzer is 

able to merge features depending on the correlation (0.7) between two features with same 

m/z and retention time (defined tolerance levels) detected at these two settings. Only features 

with median coefficient of variance or percent intensity difference among all samples within 

technical replicates < 70% were included to maintain feature consistency within technical 

replicates.

2.4 Data Analysis

Associations of air pollution with metabolic features and associated pathways were assessed 

following an untargeted MWAS workflow which comprises data-driven significant feature 

detection using regression models, knowledge-driven methods for pathway analysis, and 

feature annotation/identification (Uppal et al. 2016). This workflow facilitates the detection 

of metabolite and metabolic pathways that are associated with the exposure of interest 

among high-throughput metabolomics data. To prepare the HRM data for data analysis, 

extracted metabolic features present in less than 10% of the participants were excluded. This 

was done in order to reduce the background noise generated by the measurement equipment 

(Alonso et al. 2015), and also as a means of focusing the analytic dataset to more common 

metabolites (i.e., endogenous metabolites that are common across people) in order to 

facilitate detection of biological pathways later in the analysis. The missing values of 

features was primarily the result of detection limitations of the analytical method. In other 

words, we did not know the “true” signal intensity below the method’s limit of detection 

(LOD); i.e., the data were left-censored. The Tobit model is designed to estimate linear 

relationships when there is censoring in the dependent variable, and assumes that the 

dependent variable follows a censored normal distribution. In the case of censoring, the 

Tobit model can yield an unbiased coefficient estimate for the independent variable whereas 
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the coefficient estimate may be biased when using a usual linear regression model (McBee 

2010). We considered the minimum value of feature intensity among the full metabolomics 

dataset as LOD in the present study.

Tobit regression models were conducted for each air pollutant-feature pair, controlling for 

potential temporal confounders. We also assessed a range of demographic and lifestyle 

factors as potential (non-temporal) confounders, including age, race/ethnicity, gender, 

marital status, annual household income ($/year), education, smoking status, consumption of 

alcoholic beverages, and body mass index; Since no variables were consistently significantly 

associated with 6 air pollutants (Table S2), we did not include demographic or lifestyle 

factors in the regression models. The basic form of the model was:

log(Y im)∗ = β0
m + β1

m × pollutanti + β2
m × yeari + β3

m × seasoni + β4
m × weekdayi + β5

m

× apparent_tempi + β6
m × apparent_tempi2 + εim

log(Y im) =
log(Y im)∗ if log(Y im)∗ > log(LOD)

log(LOD) if log(Y im)∗ ≤ log(LOD)

where Y i
m refers to the observed intensity of metabolic feature m for individual i; log(Y i

m)

refers to the latent log-transformed feature intensity; β1
m refers to the coefficient of metabolic 

feature m for the air pollutant, indicating the change in feature intensity for a one unit 

increase in pollution. Lag 1-day (i.e., previous day) pollutant concentrations were fitted; 

since the lag effect of air pollution was reported in our previous study, we also considered 

the moving average of lag 1-2 day concentrations (Strickland et al. 2010). These two 

exposure windows were compared to each other to better capture the distribution of air 

pollution effects over time. In the regression model, variables Year (3-level: 2008, 2009, 

>2009), season (4-level: spring, summer, fall, winter), and weekday (5-level) were 

determined by the date of baseline visit. Apparent_temp was included in the model with the 

lag or moving average corresponding to that of the pollutant exposures included in the 

model, and was computed using the daily mean air temperature in combination with the 

daily mean dew point (Steadman 1984). We introduced a linear term and a quadratic term of 

apparent temperature into the model to account for potential nonlinear relationships between 

apparent temperature and metabolic features. Associations between pollutant and individual 

metabolic feature were visualized using Manhattan plots that displayed negative log10 of p-

values, with the retention time of metabolic feature i on the x-axis against the −log10(p) for 

β1
m on the y-axis. Multiple comparison correction was conducted using the Benjamini-

Hochberg false discovery rate (FDRB-H) procedure, a widely used procedure in MWAS 

study, at a 5% false positive threshold. All analyses were performed in R (v.3.5.1).

2.5 Pathway Analysis and Chemical Annotation

To predict biological functions and molecular mechanisms associated with these significant 

features, pathway analysis was conducted using mummichog (v.2.0.1), a novel 

bioinformatics platform that infers and categorizes functional biological activity directly 

from mass spectrometry output, without prior metabolite validation (Li et al. 2013). Briefly, 
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metabolic features were separated into two groups based on their statistical significance in 

regression models with pollutant concentrations, and mummichog made putative annotations 

of each feature by mapping them to its metabolite database based on their m/z. The 

insignificant metabolic features were selected at random and mapped to known metabolite 

pathways, repeating the process 1000 times to estimate the null distribution of pathway 

activities. The significant group of annotated features were also mapped to the known 

pathways, and over-represented pathways were detected by Fisher’s exact test (FET) using 

the Gaussian hypergeometric probability distribution. An adjusted p-value for each pathway 

was generated based on all p-values of FET for all pathways and the null distribution 

calculated in the previous step, which weights significance in favor of pathways enriched by 

more significant features. We applied two strategies to select eligible metabolic features for 

pathway analysis: (i) at raw p-values < 0.05; (ii) at adjusted p-values < 0.05 using the 

Benjamini-Hochberg method for multiple comparison correction. For the first approach, to 

control for false positive discovery rate, we excluded pathways identified by mummichog 

with a p-value higher than 0.05 and those containing less than 3 significant metabolic 

features that were matched with known compounds by m/z. To further reduce the possibility 

of false positive findings, each of the pollutant-driven metabolic features was screened for 

spectrum peak quality and purity by manual examination of their respective extracted ion 

chromatographs (EICs). Finally, we confirmed a selected number of annotated metabolites 

by comparison of m/z, retention time and ion dissociation patterns to authentic chemical 

reference standards analyzed in our lab using the identical method and instrument 

parameters via tandem mass spectrometry.

2.6 Sensitivity Analysis

Feature-specific regression analyses, pathway enrichment analysis, and chemical annotation 

were also performed using regular multiple linear regression (MLR) models as a sensitivity 

analysis. For MLR analyses, missing values (i.e., metabolic features missing for a given 

participant) were assigned the half of the minimum feature intensity (also defined as the 

limit of detection) observed across all metabolic features in the dataset (note that the Tobit 

model, given its design, does not require such imputation). Otherwise, the MLR model was 

constructed similar to the Tobit model, with the same covariate control. The performance of 

MLR models was compared to that of Tobit models based on the total number of significant 

metabolic features detected for each pollutant, and based on comparisons of the p-values 

calculated by either the Tobit or MLR models relative to each feature’s percent presence 

among participants given the assumption that the significance of features with fewer missing 

values should be more robust across different statistical methods.

3 RESULTS

Baseline information for the 180 participants is shown in Table 1. Three-quarters of the 

participants were over the age of 42, and 76.1% of them were white. Over half of 

participants had completed graduate school. They predominantly were not current smokers 

(95.6%). Most baseline visits (95.0%) were conducted between 2008 and 2009, and all visits 

occurred on weekdays (none on the weekend).
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We reliably (i.e., using two combinations of relatively stringent parameters for feature 

detection in xMSanalyzer (Uppal et al. 2013)) extracted 7,821 metabolic features by 

negative ion mode and 4,123 by positive ion mode in plasma samples with relatively good 

data quality. After data filtering for removing features that were present in less than 10% of 

participants, the data contained 7,106 features from negative ESI and 3,628 features from 

positive ESI, respectively. We performed Tobit models for all pollutants of interest. Numbers 

of significant features (p-value ≤ 0.05) for the pollutants are summarized in Table 2. There 

are 3421 features significantly associated with at least one air pollutant by either exposure 

window by negative ion mode, and 1691 features by positive ion mode. Figure 1 and Figure 

S1 depict the results for each pollutant in Manhattan plots displaying the −log10 p values of 

each metabolic feature against its retention time, by exposure time window lag 1 and moving 

average of lag 1-2 respectively.

3.1 Pathway Enrichment Analysis

We performed pathway enrichment analyses and examined whether the features associated 

with the pollutants of interest co-occurred as enriched metabolites within specific metabolic 

pathways. Twenty-one biological pathways were associated with at least one pollutant 

(Figures 2 and 3) by either exposure time window. The significant pathways mainly pertain 

to nucleic acids damage and repair pathways (i.e., purine metabolism, pyrimidine 

metabolism), nutrient metabolism (i.e., fatty acid metabolism, vitamin A metabolism), and 

acute inflammation (i.e., histidine metabolism, tyrosine metabolism, alanine and aspartate 

metabolism). The 1-day lag and 1-2 day MA results share most biological pathways, 

especially fatty acid metabolism and nucleotide metabolism. There was no overlap in 

identified pathways between features detected in negative ESI mode and those detected in 

positive ESI mode, which could be due to the differences in features identified by each 

mode. Although thousands of metabolic features were detected in the negative and positive 

ESI modes, only 71 features were detected in both modes based on matching m/z with a 

tolerance of 10 ppm and retention time with a tolerance of 10 s. The majority of these 

matched features were weakly correlated, which indicated that they were not the same 

compounds, and the few matched features with a correlation coefficient > 0.5 were not 

significantly associated any air pollutants. Pyrimidine metabolism was associated with the 

most pollutants, including 1-day lag concentrations of NO2, EC, and OC, and the moving 

average of 1-2 day lag concentrations of CO, NO2, PM2.5, and EC. The 1-day lag 

concentration of NO2 was associated with seven biological pathways. The moving average 

concentration of EC was associated with ten pathways, five of which are involved in lipid 

metabolism. More than half of the biological pathways identified were observed for both lag 

periods assessed (i.e., Figure 2 & 3; pyrimidine metabolism, carnitine shuttle, alkaloid 

biosynthesis II, biopterin metabolism, de novo fatty acid biosynthesis, fatty acid activation, 

fatty acid oxidation, tyrosine metabolism and vitamin A metabolism), which could be 

explained partly by the high correlations between the 1-day lag and 2-day moving average 

concentrations (Figure S8). However, several biological pathways were exclusively 

associated with the 2-day moving averages, such as PM2.5, which may be explained by the 

considerable lagged effect of PM2.5 (Lim et al. 2016). Given the number of significant 

metabolic features after FDR correction was too low to conduct the pathway analysis, no 
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biological pathways were detected in mummichog based on the standard (ii), since the input 

number of significant metabolic features was too low.

3.2 Feature annotation

We confirmed the chemical identity of 8 metabolic features (features matched to multiple 

metabolites are excluded) from negative ESI (Table 3) and 2 metabolic features from 

positive ESI (Table 4) showing significant associations with one or more air pollutants with 

level one evidence (i.e., the proposed metabolite has been confirmed via appropriate 

measurement of an authentic reference standard with the same experimental conditions as 

the present plasma samples) (Schymanski et al. 2014). Their corresponding parameter 

estimates from Tobit models are also shown, indicating whether the metabolites were 

positively or negatively associated with the pollutants (Table 3).

3.3 Sensitivity Analysis

Feature-specific MLR models were performed in place of Tobit models as a sensitivity 

analysis. The results from MLR models are shown in Table S3 and Figures S2-S3 in the 

Supplemental Material. The significant pathways identified using MLR model results 

(Figures S4 and S5) were mostly contained within the results observed using Tobit models 

(Figures 2 and 3). We further compared the performance of these two modeling approaches 

based on their p-values of the same feature, and the distribution of those features with 

respect to their % presence among participants. As shown in Table S3, Tobit models 

identified more significant features than did MLR models. While p-values resulting from the 

two regression approaches were highly correlated for CO and PM2.5 (Figures S6-S7, the rest 

air pollutants had the same pattern as CO), there were instances of dramatic differences in p-

values for the same feature, in particular several features that were significant (i.e., p-value < 

0.05) in MLR models but had a p-value of 1.00 in Tobit models.

4 DISCUSSION

In the present study, we applied HRM to identify metabolic alterations associated with 

exposures to ambient CO, NO2, O3, PM2.5, OC, and EC in 180 adults from an Emory 

University-based employee cohort using a cross-sectional design. We identified several 

biological pathways that were associated with one or more air pollutants. The identified 

pathways are involved in various biochemical processes in the human body, including 

nucleic acids damage and repair (pyrimidine metabolism and purine metabolism), nutrient 

metabolism (e.g., fatty acid beta oxidation, tryptophan metabolism, vitamin A metabolism), 

and acute inflammation (e.g., histidine metabolism, tyrosine metabolism, alanine and 

aspartate metabolism). These biochemical processes are responsible for maintaining 

homeostasis and wellbeing in humans.

We found that pyrimidine metabolism was specifically associated with short-term exposures 

to traffic-related pollutants, including 1-day lag concentrations of NO2, EC, and OC, and the 

moving average of 1-2 day lag concentrations of CO, NO2, EC, and OC, respectively. Purine 

metabolism was associated with 1-day lag concentration of OC. One of the metabolic 

features detected in the positive ion mode was identified as uracil with level 1 evidence (i.e. 
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chemical annotation using reference standards); this feature was significantly associated 

with CO, NO2, EC, and OC, and was putatively annotated by mummichog as uracil as well. 

Uracil, a key component of RNA, serves as an essential reactant in pyrimidine and purine 

metabolisms. Our findings indicated that DNA damage might be a potential mechanism of 

the adverse effects of TRAP exposure, which was reported in previous studies as well 

(Carvalho et al. 2018; Huang et al. 2012). In addition to DNA damage, gene expression 

could be altered due to TRAP exposure. Krauskopf et al. identified changes of gene express 

profiles after exposure to TRAP by plasma circulating miRNA (a regulator for gene 

expression), and Chu et al. detected differentially expressed genes that have implicated a 

range of cellular responses and pathways such as oxidative stress among trucking industry 

workers with regular exposures to TRAP (Chu et al. 2016; Krauskopf et al. 2018). 

Pyrimidine and purine metabolism were also reported as significant pathways with TRAP 

exposure in previous studies using untargeted metabolomics (Jeong et al. 2018; Liang et al. 

2018b; Liang et al. 2019; Walker et al. 2018). Walker et al. found that pyrimidine 

metabolism and purine metabolism were associated with the long-term exposure to ultrafine 

particles (UFP) in a community-based participatory cross-sectional study (Walker et al. 

2018). Annual average exposure to NO2 was also associated with pyrimidine metabolism 

among patients with adult-onset asthma or cardio-cerebrovascular diseases compared with 

healthy controls (Jeong et al. 2018). Liang et al. reported multiple ambient air pollutants, 

including black carbon, nitric oxide, and PM2.5 to be associated with purine metabolism 

among a panel of 54 college students living in dormitories located either near or far from a 

major highway (Liang et al. 2018b). The associations of PM2.5, black carbon, OC, and 

water-soluble OC with pyrimidine metabolism were observed as well in a semi-controlled 

crossover study of car commuters (Liang et al. 2019). Our current results provide further 

evidence of exposure to TRAP inducing variation in nucleotide metabolism as a mechanism 

of action responding to nucleic acid damage and repair.

We found that the moving average of 1-2 day lagged EC was associated with several 

pathways involved in fatty acid biosynthesis and metabolism, including carnitine shuttle, de 

novo fatty acid biosynthesis, fatty acid activation, fatty acid oxidation, and omega-6 fatty 

acid metabolism. Metabolic features that were annotated by mummichog as octadecenoyl-

CoA, tetracosanoyl-CoA, and (4R,8R,12R)-trimethyl-2E-tridecenoyl-CoA were enriched in 

these pathways consistently. One-day lag concentrations of CO was associated with the 

carnitine shuttle pathway, and for NO2 and PM2.5, 1-day lag concentrations were associated 

with saturated fatty acid beta-oxidation. Multiple metabolic features enriched in the two 

pathways were annotated as fatty-acyl-CoAs, which plays a pivotal role in fatty acid 

metabolism. However, we failed to match these metabolic features in our in-house list of 

identified metabolites by authentic chemical reference standards, as the list did not contain 

these short-lived compounds. A few MWAS studies also reported several lipid metabolism 

pathways (including fatty acid activation, de novo fatty acid biosynthesis, and carnitine 

shuttle) associated with air pollutants (Jeong et al. 2018; Miller et al. 2016; Walker et al. 

2018). These findings implicated an essential role played by fatty acids (FAs) in the health 

effect of exposure to TRAP, potentially supplying energy and signaling (Gropper and Smith 

2012), while human studies that investigated the impact of TRAP on blood lipid profiles are 

scarce.
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Five significant pathways of amino acid metabolism were identified in our study: methionine 

and cysteine metabolism, tyrosine metabolism, histidine metabolism, tryptophan 

metabolism, and alanine and aspartate metabolism. Correspondingly, mummichog annotated 

a metabolic feature as methionine associated with the moving average of EC and a group of 

short-lived compounds involved in these biological pathways. We also confirmed the 

identify of methionine, tyrosine, histamine, and tryptophan, which were each associated with 

EC (and for histamine, other TRAPs) in negative ESI mode. Methionine can regulate 

multiple metabolic processes, including lipid metabolism and oxidative stress (Martinez et 

al. 2017), and the detrimental effect of PM2.5 on heart rate variability could by modified by 

genetic variations in the methionine pathway or differences in methionine intake (Baccarelli 

et al. 2008). Tyrosine, histidine, and tryptophan are aromatic amino acid and susceptible to 

the attack of reactive oxidative species (ROS) (Stadtman 2006). ROS can mediate the 

conversion process of tyrosine residues to hydroxyl derivatives (for example, 3-

nitrotyrosine), histidine residues to 2-oxohistidine and asparagine, and tryptophan residues 

to formyl-kynurenine and kynurenine (Stadtman 2006). The oxidative modification of amino 

acid residues of proteins is involved in the etiology or progression of many diseases 

(Stadtman and Berlett 1998). 3-nitrotyrosine is used as a marker of oxidative stress, and 

Rossner et al. reported a significantly higher level of 3-nitrotyrosine in plasma among bus 

drivers compared with healthy volunteers spending most daily times indoors (Khan et al. 

1998; Rossner et al. 2007). Histamine is the core component of histidine metabolism and a 

well-known inflammatory agent involved in airway hyper-responsiveness (Juniper et al. 

1981). Nasal challenge with allergen plus diesel exhaust particles (DEPs) induced a higher 

level of histamine in nasal lavage of nonsmoking volunteers compared to allergen alone 

within a single-blind, randomized, and placebo-controlled crossover study, and an in-vitro 

experiment with a mouse mast cell line (activated by Immunoglobulin E in advance) 

confirmed the release of histamine responding to the DEPs in a dose-dependent manner 

(Diaz-Sanchez et al. 2000). In an animal study using hamsters, histamine elevation was 

considerably slower in plasma than that in bronchoalveolar lavage fluid, and plasma 

histamine reached the climax after the intratracheal instillation of DEP at six hours (Nemmar 

et al. 2003). In the current study, the feature annotated by histamine was negatively 

associated with CO, NO2, and EC, and similar to the findings reported by Liang et al. of a 

negative association between histidine, a precursor of histamine, and EC among a panel of 

commuters (Liang et al. 2019). Few studies have employed markers of protein oxidation to 

investigate the effect of TRAP on the human body, and our current findings motivate future 

work in this area.

To the best of our knowledge, Tobit models have not been used in addressing missing values 

in mass spectrometry-based metabolomics data. As such, we used MLR models with 

missing value imputation of half the minimum feature intensity as a sensitivity analysis. 

Replacing missing values by the half of the minimum of non-missing values is a commonly 

used approach and is an approach suggested by almost all statistical packages and online 

toolkits, although limitations exist (e.g., distorting distributions) (Wei et al. 2018). Compared 

to the MLR model with imputation by a constant, which might underestimate the slopes, the 

Tobit model assumes a censored normal distribution for log(Y i
m), with the distribution 

censored on the left at log(LOD). In other words, the probability density of log(Y i
m) is the 
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same as that for log(Y i
m)∗ for log(Y i

m) > log(LOD) and is equal to the probability of observing 

log(Y i
m)∗ < log(LOD) if log(Y i

m) ≤ log(LOD) (i.e., missing values). Thus, the coefficient 

estimates from the Tobit model are potentially less biased than those from the MLR model. 

To confirm this, we further compared the results derived by the two models. As shown in 

Table S3, in general, Tobit models identified more significant features than MLR models. 

Figures S6-S7 suggest that features present in more samples had more similar and robust 

estimated associations with pollution among the two regression approaches, Tobit and MLR, 

with similar p-values (e.g., darker color points along the 1:1 line in these plots). We also 

observed that some features were significantly associated with pollution in MLR models, but 

had p-values close to 1 in Tobit models; there were no features only associated with 

pollution in Tobit and not MLR models, suggesting that the Tobit model approach is more 

conservative than MLR model approach. We used half of the minimum feature intensity of 

the whole dataset for imputation of missing values among features in MLR models. For 

features with high abundance and a high percent presence among participants, the relatively 

low number of imputed values may have been outliers which would severely distort the 

association between these features and exposures in MLR models.

There are several limitations in the present study. First, metabolism exhibits diurnal 

variation. Diurnal changes of energy expenditure and intake distribution are associated with 

many factors, including time of day, amount of sleep, timing of meals, and light-dark cycles 

(Walker et al. 2016). Principal component analysis on averaged metabolic profiles according 

to time of sampling shows three time-of-day patterns: morning, afternoon, and night (Park et 

al. 2009). Diurnal changes may influence intra-individual variation in response to TRAP, so 

ideally the time of day of sampling should be considered in the interpretation of results; this 

level of information was missing from our study, which may have added to between-

participant variability in feature intensities. Second, the exposure assessment in the current 

study was limited to measurements made at one ambient monitoring site located near 

downtown Atlanta, and assigned to participants living across the city. Therefore, the spatial 

gradients in day-to-day pollutant concentrations were not captured. Exposures of 

participants living near highways may have been underestimated. Moreover, due to the lack 

of information on daily activities, we were not able to account for factors that may have 

affect participants’ daily exposures to ambient concentrations, such as time spent inside or 

outside. Finally, we used raw p-values to select significant features in order to conduct the 

pathway analysis by mummichog, false discoveries might exist regarding significant 

metabolic features given the multiple evaluations in a single experiment. In addition, since 

mummichog use putative annotation of metabolic features based on m/z, it may introduce 

errors when predicting metabolic functional activity and therefore, conventional chemical 

identification process is needed to validate findings from these pathway enrichment 

analyses. The results should be interpreted with caution, because considering the high 

chance of false positive findings, the tentative nature of our findings should not be 

underrecognized, which requires validation in much larger cohorts.
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5 CONCLUSIONS

Using an untargeted MWAS approach among the Emory CHDWB cohort, we identified 

associations between a range of ambient pollutants, including components of TRAP, and 

perturbations to the metabolic phenotype. The results demonstrate the use of HRM as a 

viable platform for untargeted characterization of molecular mechanisms underlying 

exposures to TRAP. The biological pathways identified are primarily involved in nucleic 

acid damage and repair, nutrient metabolism, and acute inflammation. These results add 

evidence for the hypothesis that exposure to TRAP can induce biological effects on the 

human body via a range of mechanisms manifested by perturbed biological pathways.. 

Future work on HRM and air pollution in the CHDWB cohort will utilize information from 

the repeated measures over the set of annual follow-up visits for each participant in the 

cohort to validate the observed findings and examine how metabolic perturbations are 

associated with TRAP change over time. We anticipate that these data will provide a rich 

resource for validating the underlying mechanisms associated with air pollution, when used 

in combination with more comprehensive exposure assessment (e.g., air pollution data from 

Community Multiscale Air Quality Modeling System of the U.S. Environmental Pollution 

Association) or feature identification (e.g., verifying compounds with authentic chemical 

standards analyzed under the same experimental conditions) (Sumner et al. 2007).
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Highlights

• Traffic-related air pollutants (TRAPs) associated with nucleic acids damage 

and repair, nutrient metabolism, and acute inflammation pathways.

• Pyrimidine metabolism and carnitine shuttle consistently associated with 

TRAPs.

• Histamine and uracil associated with carbon monoxide, nitrogen dioxide, and 

elemental carbon.

• Tobit model performed as well as multiple linear regression models in 

metabolomics application
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Figure 1. Manhattan plots of associations between log-transformed metabolic feature intensity 
and 1-day lag concentration of air pollutants from Tobit models.
X-axis denotes the retention time (in seconds), Y-axis denotes the negative log10 of the p-

values calculated from the Tobit model. Significant features with p-values less than 0.05 are 

colored. Blue triangles and red circles denote negative and positive associations, 

respectively.
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Figure 2. Metabolic pathways associated with 1-day lag pollution from Tobit models.
Cells are shaded according to the magnitude of p-values generated by mummichog for each 

pathway. Pathways enriched by more than 2 annotated significant metabolic features were 

included and ordered alphabetically and following the total number of the significant 

associations between pathways and pollutants by either negative or positive ion modes.
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Figure 3. Metabolic pathways associated with the moving average of lag 1-2 days pollution from 
Tobit models.
Cells are shaded according to the magnitude of p-values generated by mummichog for each 

pathway. Pathways enriched by more than 2 annotated significant metabolic features were 

included and ordered alphabetically and following the total number of the significant 

associations between pathways and pollutants by either negative or positive ion modes.
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Table 1.

Participant characteristics and the temporal characteristics of baseline visits.

Characteristics Number Proportion (%)

Age, years [median (Q1-Q3)] 51.0 (42-57)

BMI, kg/m2 [median (Q1-Q3)] 26.4 (23.6-29.7)

Race/ethnicity

 White 137 76.1

 Black 34 18.9

 Other races
a 9 5.0

Gender

 Female 113 62.8

 Male 67 37.2

Marital status

 Married 117 65.0

 Other statuses
b 63 35.0

Annual household income ($/year)

 0-50,000 17 10.1

 50,000-100,000 44 26.0

 100,000-200,000 58 34.3

 200,000+ 50 29.6

 Missing 11

Education

 College and high school 78 43.3

 Graduate school and above 102 56.7

Smoking status

 Non-smoker 172 95.6

 Current smoker 8 4.4

Consumption of alcoholic beverages

 Yes 139 77.2

 No 41 22.8

Year of visit

 2008 76 42.2

 2009 95 52.8

 Over 2009 9 5.0

Weekday of visit

 Monday 39 21.7

 Tuesday 37 20.6

 Wednesday 40 22.2

 Thursday 30 16.7

 Friday 34 18.9

Season of visit

 Spring 29 16.1
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Characteristics Number Proportion (%)

 Summer 63 35.0

 Autumn 44 24.4

 Winter 44 24.4

a
Other races includes American Indian or Alaskan Native and Asian.

b
Other statuses includes single, divorced, widowed, separated, and partnered.
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Table 2.

Number of significant metabolic features by negative and positive electrospray ion mode associated with lag 1 

day (i.e., previous day) and the moving average of lag 1-2 days pollution from Tobit models.

Lag* Negative mode 
a

Positive mode 
a

CO L1 400 216

MA 465 173

NO2 L1 618 338

MA 526 280

O3 L1 603 245

MA 376 247

PM2.5 L1 603 259

MA 545 244

EC L1 498 208

MA 606 230

OC L1 581 251

MA 473 254

*
L1, the exposure at lag 1 day; MA, the moving average of exposure at lag 1-2 days; EC, elemental carbon, OC, organic carbon.

a
Metabolic features were statistically significant with p-values less than 0.05.
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Table 3.

Metabolites matched with the metabolic features extracted via negative ion mode and significantly associated 

with air pollutants in Tobit models.

Experimental mass,
m/z

Retention time
(s)

Metabolite matched Associated
pollutants *

Coefficients

105.0178 146.7 Glycerate CO MA
EC MA

−0.35
−0.28

110.0709 434.4 Histamine

CO MA
NO2 L1
NO2 MA
EC L1
EC MA

−9.97
−0.14
−0.32
−7.56
−7.64

118.0495 112.3
Allothreonine
Threonine
Homoserine

CO MA
PM2.5 L1
EC L1
EC MA

0.19
0.01
0.18
0.16

129.0543 110.3 Alpha-Ketoisocaproic acid EC MA 0.15

130.0859 114.0
Norleucine
Isoleucine
Leucine

EC MA 0.20

132.029 119.7 Aspartate OC MA −0.07

148.0425 102.5 Methionine EC MA 0.16

164.0706 101.2 Phenylalanine

EC L1
EC MA
OC L1
OC MA

0.18
0.19
0.06
0.06

180.0655 86.8 Tyrosine EC L1
EC MA

0.15
0.21

191.0188 98.3 Citrate
Isocitric acid

EC L1
EC MA

−0.78
−0.77

203.082 94.7 Tryptophan EC L1
EC MA

0.17
0.15

L1, the exposure at lag 1 day; MA, the moving average of exposure at lag 1-2 days; EC, elemental carbon, OC, organic carbon.

*
Significance at alpha = 0.05.
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Table 4.

Metabolites matched with the metabolic features extracted via positive ion mode and significantly associated 

with air pollutants by Tobit models.

Experimental mass,
m/z

Retention time
(s)

Metabolite matched Associated
pollutants *

Coefficients

90.0555 116.2 Sarcosine
Alanine EC MA 0.15

113.0350 330.7 Uracil

CO MA
NO2 L1
NO2 MA
EC L1
EC MA
OC L1

3.86
0.10
0.13
3.79
3.25
1.16

116.0709 122.5 Proline OC L1
OC MA

0.05
0.06

118.0865 93.3

Betaine
Valine
Norvaline
Aminopentanoate

EC L1
EC MA

0.10
0.11

120.0657 130.1
Threonine
Homoserine
Allothreonine

PM2.5 L1
EC L1

0.01
0.11

123.0452 106.4 Hydroxybenzaldehyde
Benzoate

PM2.5 L1
OC L1
OC MA

−0.01
−0.05
−0.81

L1, the exposure at lag 1 day; MA, the moving average of exposure at lag 1-2 days; EC, elemental carbon, OC, organic carbon.

*
Significance at alpha = 0.05.
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