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A B S T R A C T   

We investigated whether exposure to carcinogenic diesel engine exhaust (DEE) was associated with altered 
adduct levels in human serum albumin (HSA) residues. Nano-liquid chromatography-high resolution mass 
spectrometry (nLC-HRMS) was used to measure adducts of Cys34 and Lys525 residues in plasma samples from 54 
diesel engine factory workers and 55 unexposed controls. An untargeted adductomics and bioinformatics 
pipeline was used to find signatures of Cys34/Lys525 adductome modifications. To identify adducts that were 
altered between DEE-exposed and unexposed participants, we used an ensemble feature selection approach that 
ranks and combines findings from linear regression and penalized logistic regression, then aggregates the 
important findings with those determined by random forest. We detected 40 Cys34 and 9 Lys525 adducts. Among 
these findings, we found evidence that 6 Cys34 adducts were altered between DEE-exposed and unexposed 
participants (i.e., 841.75, 851.76, 856.10, 860.77, 870.43, and 913.45). These adducts were biologically related 
to antioxidant activity.   

1. Introduction 

Diesel engine exhaust (DEE) is a known lung carcinogen based 

largely on evidence from occupational studies of highly exposed miners 
and members of the U.S. trucking industry (Garshick et al., 2012; IARC, 
2014; Silverman et al., 2012). DEE is a complex mixture of particulates, 
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organic and inorganic gaseous pollutants, as well as nitrated polycyclic 
aromatic hydrocarbons (nitro-PAHs), which are suspected to contribute 
to its carcinogenicity (IARC, 2014). DEE is a significant public health 
burden, with millions of workers occupationally exposed worldwide 
across various industries. Furthermore, environmental exposure to DEE 
from traffic-related air pollution and residential proximity to major 
roadways threatens the respiratory health of the general population 
(Gowda et al., 2019; Hamra et al., 2015; Hart et al., 2015; Puett et al., 
2014; Turner et al., 2020; Wong et al., 2021c). 

Despite strong epidemiologic evidence linking DEE to lung cancer 
risk, the mechanism by which DEE causes early biologic changes and 
lung carcinogenesis in humans remains unclear. To investigate further, 
we conducted a cross-sectional study that included collection of bio-
specimens and personal air monitoring of workers in a diesel engine 
manufacturing facility and unexposed controls (Lan et al., 2015). We 
found that occupational exposure to DEE was associated with alterations 
to lung cancer-related lymphocyte subsets and inflammatory/immuno-
logic proteins, as well as Alu retroelement copy number (Bassig et al., 
2017; Clifford et al., 2017; Lan et al., 2015; Rahman et al., 2021; Shiels 
et al., 2017; Wong et al., 2021a). However, DEE could potentially 
operate through other biological mechanisms. 

DEE can exert biological changes through oxidative stress generated 
from the production of reactive oxygen and electrophilic species (ROS/ 
RES) (Rappaport et al., 2012). Electrophiles enter the bloodstream pri-
marily via the metabolism of xenobiotics and from inflammation caused 
by exogenous exposures and endogenous processes (Rappaport et al., 
2012). RES can directly react with proteins and nucleic acids to influ-
ence processes and genes that are upregulated during periods of envi-
ronmental and cellular stress, leading to adverse changes including 
inflammation, mitochondrial dysfunction, and reduced antioxidant ca-
pabilities. Given the highly reactive characteristics and short half-lives 
of RES, they cannot be directly measured in vivo. Rather, indirect 
methods to measure RES have focused on evaluating long-lasting 
chemical modifications to abundant proteins, such as adducts in 
human serum albumin (HSA) (Lu et al., 2017), which is the dominant 
scavenger of RES in the interstitial space. Notably, the cysteine (Cys34) 
residue, which is located on the third largest tryptic (T3) peptide of HSA, 
is a nucleophilic hotspot that accounts for nearly 80% of the antioxidant 
capacity of serum (Aldini et al., 2008). 

The Stephen Rappaport laboratory has developed an untargeted 
HSA-adductomics assay to detect and quantify modifications to Cys34 
(Grigoryan et al., 2016) and applied this assay to compare adduct levels 
between subjects with different particulate and chemical exposures 
(Grigoryan et al., 2018; Lu et al., 2017) or disease states (Grigoryan 
et al., 2019; Liu et al., 2018; Yano et al., 2020). This HSA-adductomics 
assay was recently updated to include simultaneous untargeted detec-
tion of both Cys34 and Lys525 adducts, which expands coverage to 
different classes of electrophilic addition products (Grigoryan et al., 
2021). These protein modifications are potential biomarkers of exoge-
nous exposures and endogenous processes (Grigoryan et al., 2016). As 
such, untargeted measurement of the Cys34/Lys525 adductome poten-
tially offers insight into mechanisms by which environmental exposures 
contribute to the pathogenesis of chronic diseases. 

We have previously found relationships between alterations to the 
Cys34 adductome and exposure to known lung carcinogens, as well as 
respiratory diseases. For instance, in a rural population of non-smokers 
who domestically burned solid fuels, we found differences in plasma 
levels of several adducts across fuel types, including among those who 
used the most carcinogenic coal type, namely bituminous (“smoky”) 
coal (Lu et al., 2017). We observed that adduct levels of S-glutathione 
(S-GSH) were significantly lower in smoky coal users compared with 
electricity/gas users, suggesting that the constituents of smoky coal 
emissions may have depleted this essential antioxidant. With respect to 
adductome-disease relationships, we previously found significant Cys34 
adduct signatures in patients with chronic obstructive pulmonary dis-
ease (COPD) (Liu et al., 2018), which is a risk factor for lung cancer that 

has been linked to occupational exposure to DEE (Ferguson et al., 2020; 
Hart et al., 2012). Importantly, in a case-control study nested within the 
prospective European Prospective Investigation into Cancer and Nutri-
tion (EPIC) study, two Cys34 adducts related to N-acetylcysteine and 
cysteinyl-glycine (CysGly) were found to be associated with lung cancer 
(Dagnino et al., 2020). 

Our primary study aim was to evaluate whether occupational 
exposure to high levels of carcinogenic DEE, which has some similar 
chemical constituents as coal combustion emissions and cigarette 
smoke, is associated with alterations to the Cys34/Lys525 adductome of 
HSA. Our investigation expands upon the previous adductomic studies 
of lung cancer risk (Dagnino et al., 2020), COPD (Liu et al., 2018), as 
well as smoky coal emissions (Lu et al., 2017). Using an untargeted 
adductomics approach and recently developed bioinformatic methods, 
we identified differences in adduct levels between highly exposed diesel 
engine factory workers and unexposed controls (Grigoryan et al., 2016, 
2021). Notably, this is the first epidemiologic study to report the use of 
an ensemble feature selection pipeline to detect alterations in the 
Cys34/Lys525 adductome by an environmental exposure. Our findings 
could potentially contribute insight into how oxidative stress pathways 
operate in the etiologic mechanism underlying DEE-related lung 
carcinogenesis. 

2. Materials and methods 

2.1. Study population and exposure assessment 

We used previously collected plasma samples from a cross-sectional 
molecular epidemiology study that included 54 male workers exposed to 
a wide range of DEE exposure levels (elemental carbon (EC) median 
(range) = 49.7 (6.1–107.7 µg/m3)) and 55 unexposed male control 
workers in China (Lan et al., 2015). The exposed workers were enrolled 
from a diesel engine manufacturing facility and control workers were 
selected from four separate facilities from the same geographic area with 
no expected occupational exposure to DEE. Extensive site visits and 
monitoring were conducted at the control facilities to ensure that no 
occupational sources of DEE were detectable. 

Demographic and lifestyle characteristics were obtained for each 
worker through a questionnaire and peripheral blood samples were 
collected from all workers as part of a health exam conducted by the 
local Center for Disease Control. Informed consent was obtained from all 
participants and the study was approved by Institutional Review Boards 
at the US National Cancer Institute and the National Institute of Occu-
pational Health and Poison Control, China CDC. The characteristics of 
the study population have been previously described in detail (Bassig 
et al., 2017; Dai et al., 2018; Lan et al., 2015; Wong et al., 2021b) and in 
Table S1. Furthermore, an extensive exposure assessment survey was 
conducted from October 2012 to March 2013 in the diesel engine 
manufacturing facility (Lan et al., 2015). This survey included an 
assessment of specific diesel exhaust constituents including fine partic-
ulate matter (PM2.5), EC, organic carbon (OC), and soot levels. Repeated 
full–shift personal air samples of EC, OC, and PM2.5 were collected using 
a portable device attached to the lapel near the breathing zone of each 
worker. 

2.2. Measurement of Cys34/Lys525 adducts using liquid 
chromatography-high resolution mass spectrometry 

To measure Cys34/Lys525 adduct ("feature") abundances, the 
collected plasma biospecimens were processed and analyzed using nano- 
liquid chromatography-high resolution mass spectrometry (nLC-HRMS) 
as previously described (Grigoryan et al., 2016, 2021). We show the 
details of the nLC-HRMS procedure in the Appendix. We analyzed 119 
plasma samples from the study participants, including 10 quality control 
replicate samples for reproducibility assessment. Laboratory in-
vestigators were blinded to the quality control samples and DEE 
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exposure status. 

2.3. Statistical analysis 

2.3.1. Detection of Cys34/Lys525 adducts in the study population 
Primary statistical analysis for peptide adduct detection and selec-

tion was performed as previously described (Grigoryan et al., 2019). We 
detected 49 adducts in the overall study population (40 adducts in the 
T3 peptide containing Cys34 and 9 adducts in Lys525; Tables 1 and 2). 
Among these adducts, 44 had sufficient data for statistical analysis, 

while 5 were excluded for poor peak integration or detection in only one 
or two samples. Subsequently, based on adduct levels in duplicate in-
jections, we filtered these 44 adducts for adequate data quality and 
excluded one adduct due to a low ICC value (Grigoryan et al., 2021). 
Among the remaining 43 adducts, duplicate injections were averaged, 
and missing values were ignored. We then excluded 11 adducts with ≥
30% missing values because they did not show evidence of being 
differentially missing between exposed and unexposed groups using 
Fisher’s exact tests. After these exclusions, 32 putative adducts were 
examined for associations with DEE exposure. Missing values were 

Table 1 
Features of the T3 peptide containing Cys34 and its modifications.  

T3 Peptide 
feature 

RT, 
min 

MIM observed 
(m/z, þ3) 

MIM theoretical 
(m/z, þ3) 

ΔMass 
(ppm) 

Added 
mass (Da) 

Elemental 
composition 

Annotation PAR 
x10k 

Fold change (DEE- 
exposed/ 
unexposed) 

I) Detected features with altered levels between DEE-exposed workers and unexposed controls* 
841.75a,b,c,d,e,f 24.68 841.7512 841.7519 -0.832 90.986 +C2H3O2S S-Mercaptoacetic 

acid 
1.5 1.13 

851.76a,b,c,d,e,f 24.23 851.7549 851.7554 -0.587 120.997 +C3H5O3S S-Cys(NH2→OH) 4.4 0.91 
856.10a,b,c,d,e,f 22.98 856.099 856.0993 -0.350 134.029 +C4H8NO2S S-hCysg 58.5 0.92 
860.77b,d,e,f 23.27 860.7688 860.7712 -2.788 148.039 +C5H10NO2S S-hCys (+CH3) 2.1 0.77 
870.43a,b,c,d,e,f 21.96 870.4342 870.4345 -0.345 177.035 +C5H9N2O3S S-CysGlyg 32.9 1.11 
913.45a,b,c,d,e,f 23.12 913.4485 913.4487 -0.219 306.078 +C10H16N3O6S S-Glutathioneg 

(GSH) 
2.8 1.22 

II) Detected features that were not altered between DEE-exposed workers and unexposed controls 
796.43a,b,c,f 23.93 796.4290 796.4301 -1.356 -45.992 -CH2S Cys34→Gly 1.8 1.04 
808.73a,b,c,d,e,f 25.00 808.7288   -9.089  Not Cys34 adduct 1.6 1.08 
811.43a,b,c,d,e,f 27.19 811.4242 811.4234 0.986   T3 dimerg,h 22.1 1.01 
811.76_01a,b,c, 

d,f 
22.73 811.7597   0.004  T3 labile adduct 1.9 0.61 

811.76_02a,b,c, 

d,e,f 
24.75 811.7585 811.7594 -1.109 0.000  Unmodified T3g 124.3 1.03 

816.42a,b,c,d,e,f 24.29 816.4185 816.4191 -0.712 13.977 -H2, +O Cys34-Glng ND ND 
816.43a,b,c,d,e,f 25.09 816.4308 816.4312 -0.489 15.025 +CH3 Methylation (not 

Cys34) 
6.9 1.03 

819.08b,e 24.75 819.0858 819.0867 -1.038 22.990 -H, +Na Na adduct of T3 3.3 1.01 
822.42a,b,c,d,e,f 24.34 822.4221 822.4226 -0.608 32.999 +HO2 Cys34 sulfinic acidg 36.5 1.06 
826.43a,f 23.86 826.4343 826.4348 -0.605 45.035 +C2H5O Ethylene oxide 2.7 1.46 
827.09b,c,f 25.87 827.0876 827.0886 -1.227 46.992 +CH3S S-Methanethiolg 1.0 0.94 
827.10c,d,f 24.69 827.0944 827.0945 -0.121 47.015 +CH3O2 S-(O)-O-CH3 2.5 1.01 
827.76a,b,c,d,e,f 24.68 827.7539 827.7543 -0.483 48.994 +HO3 Cys34 sulfonic acidg 2.1 1.03 
829.39a,b 24.78 829.3962   53.921  Unknown 2.5 1.00 
829.43a,f 24.94 829.4348 829.4349 -0.121 54.037 +C3H4N Acrylonitrile 1.2 0.82 
835.11a,c,e,f 24.97 835.1057 835.1066 -1.062 71.048 +C4H7O Crotonaldehydeg 1.0 0.97 
845.42a,b,c,d,e,f 23.71 845.4232 845.4239 -0.828 102.002 +C3H4NOS S-Cys (− H2O) 3.6 1.06 
850.10a,b,c,f 24.51 850.0952 850.0958 -0.706 116.018 +C4H6NOS S-hCys (-H2O) 2.1 0.99 
851.43a,b,c,d,e,f 22.65 851.4264 851.4274 -1.174 120.012 +C3H6NO2S S-Cysg 351.1 1.07 
851.77 24.77 851.7673 851.7675 -0.235 121.034 C4H9O2S Allylmethylsulfone 5.1 0.99 
856.43c,f 24.44 856.4269 856.4273 -0.467 135.013 +C4H7O3S S-hCys (NH2→OH) ND ND 
857.10a,b,c,f 23.83 857.0986 857.0992 -0.700 137.028 +C4H9O3S Unknown 58.5 1.06 
858.75a,b,c,d,e 22.70 858.7542   141.995 C3H5NO2SNa Na adduct of S-Cys 7.5 1.07 
862.09a,c,e 22.78 862.0914   152.007  not Cys34 adduct 2.9 1.13 
863.43e 23.00 863.4266 863.4266 0.035 156.012 +C4H7NO2SNa Na adduct of S-hCys 2.4 0.86 
864.08a,b,c,e,f 22.76 864.0762   157.961  Not Cys34 adduct 4.1 1.21 
867.10 25.95 867.1012   167.036  Unknown 1.1 1.00 
869.06 22.71 869.0644   172.926  Not Cys34 adduct 5.3 1.15 
875.11b,d,f 22.55 875.1078   191.056  Not Cys34 adduct ND ND 
894.44a,b,c,d,e,f 23.28 894.4412 894.4416 -0.447 249.056 +C8H13N2O5S S-γ-GluCysg 2.7 1.14 
910.18 30.59 910.1769   296.263 C18H34NO2 Unknown 1.2 0.81 
931.82b,c,d,f 20.88 931.8187   361.188  Unknown ND ND 
965.49b,c,d,e,f 21.25 965.4906   462.204  Unknown 9.0 1.02 
976.82b,d 23.24 976.8197   496.191  Unknown ND ND 

Legend: MIM, monoisotopic mass; ND, not determined; PAR, ratio of adduct peak abundance to housekeeping peptide peak abundance; RT, retention time 
* See Fig. 1 for the adducts determined by our ensemble machine learning feature selection analysis to be highly ranked for differences between DEE-exposed and 

unexposed subjects. 
a Grigoryan et al., Anal. Chem. 2016, 88, 10504− 10512 
b Lu et al., Environ Sci Technol. 2017 Jan 3;51(1):46–57 
c Grigoryan et al., Carcinogenesis, 2018, Vol. 39, No. 5, 661–668 
d Liu et al., Environ. Sci. Technol. 2018, 52, 2307 − 2313 
e Dagnino et al., Int. J. Cancer: 2020, 146, 3294–3303 
f Grigoryan et al., Cancer Res 2019;79:6024–31 
g Annotation confirmed with a synthetic standard. 
h + 6 charge state. 
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imputed using k-nearest neighbor imputation with k = 5. The data were 
then normalized using the ‘scone’ package in R (Risso et al., 2014) to 
consider possible adjustment for the following variables: housekeeping 
peptide (HK), internal standard (IS), and run order as the QC matrix, 
batch, and DEE exposure as the outcome. Data were normalized ac-
cording to the top ranked method by scone: DESeq scaling accounting 
for the QC matrix as well as batch and DEE exposure. 

2.3.2. Ensemble machine learning approach to detect alterations to the 
Cys34/Lys525 adductome among DEE-exposed and unexposed subjects 

To detect alterations to adduct levels among DEE-exposed partici-
pants and unexposed controls, we used an ensemble machine learning 
approach (Cai et al., 2015; Dietterich, 2000; Grigoryan et al., 2019; 
Mark et al., 2019; Petrick et al., 2019; Sarkar et al., 2021), which selects 
important adducts by aggregating findings from three separate methods. 
The three steps of the ensemble machine learning approach are 
described in the Appendix. Briefly, we fit separate linear regression 
models with DEE-exposure status as the independent variable and each 
of the 32 detected adducts that passed QC as dependent variables, along 
with age, BMI, current smoking status, current infection status, and 
current alcohol consumption status as covariates. Second, we performed 
penalized logistic regression with DEE-exposure status as the dependent 
variable and each of the adducts as predictors, along with the five pre-
viously mentioned covariates. Third, we ranked the findings from linear 
regression by nominal p-values and penalized logistic regression by the 
proportion of iterations in which the adduct was kept in the model. We 
then determined the agreement among these findings using concordance 
plots, and further aggregated the important combined results with 
additional important findings selected by random forest using the same 
input. A variation of this ensemble machine learning approach was 
previously used to detect adductome alterations by disease states (Gri-
goryan et al., 2019; Yano et al., 2020). Notably, the current study is the 
first to use this ensemble approach to detect adductome alterations by an 
environmental exposure in a human population. 

We conducted additional analyses independently of and in parallel to 
the ensemble machine learning approach to qualitatively confirm the 
DEE-adduct relationships. In separate multiple linear regression models, 
we assessed the associations between EC tertiles (Lan et al., 2015) 
(unexposed controls, low: median (range): 23.8 (6.1–39.0), medium: 
49.7 (39.1–54.5), and high: 69.4 (54.6–107.7) µg/m3) and each of the 
adducts (continuous normalized/scaled levels), parsimoniously adjusted 
for age, BMI, and smoking status (never, former, ever) to avoid over-
fitting. Further, we estimated exposure-response relationships using 
ordinal EC tertiles and continuous adduct levels. EC is a prominent 
component of diesel exhaust that is often used as a proxy for DEE levels. 
Adducts that qualitatively showed evidence of non-linear trends in box 
and whisker plots were further analyzed by including a quadratic term 
for EC in the models. 

Correlations between normalized levels of the selected adducts were 
displayed with agglomerative hierarchical clustering using complete 
linkage and Spearman correlation (‘superheat’ function in R). A similar 
analysis was generated including the selected adducts and covariates, as 
well as additional immunologic/inflammatory markers (Bassig et al., 
2017; Dai et al., 2018; Lan et al., 2015). Associations between the 
selected adducts and covariates were further examined with random 
forests plots to determine the relative rankings of the adducts according 
to mean decrease in Gini index. Associations between all candidate 
adducts and individual covariates were assessed similarly. 

3. Results 

3.1. Detected Cys34/Lys525 adducts via mass spectrometry 

Forty adducts in the Cys34 residue of the T3 peptide and 9 Lys525 
adducts were detected in our study population (Tables 1 and 2). Accu-
rate masses for 35 T3 peptide adducts led to reasonable elemental 
compositions added to the T3 peptide within 3 ppm of theoretical values 
from − 46–496 Da, and similarly added to the Lys525 peptide with 
masses from − 128–163 Da. Negative added masses refer to deletions 
and truncations. Peak area ratios for the 35 T3 peptide features with at 
least minimal quantitation covered a 366-fold range (PARx10,000: 1.0 – 
351.1), while those of the Lys525 features covered an 820-fold range 
(PAR: 0.11–90.25). 

As shown in Table S2 for the 38 T3 peptide and 6 Lys525 adducts 
with sufficient data, the median intraclass correlation coefficient (ICC) 
was 0.678 (range: 0.000 – 0.928), indicating that the technical variation 
accounted for 32.2% (Range: 7.2–100%) of the total variance of adduct 
abundances. The median coefficient of variation (CV) for adduct fea-
tures was 0.312 (Range: 0.143 – 0.531). 

A subset of 30 T3 peptide adducts was annotated (Table 1), including 
11 that were confirmed with reference standards in prior investigations 
(footnoted in Table 1). Since LC-MSMS parameters are the same as from 
prior investigations, identities of these features in the current study were 
based upon matches of accurate masses and retention times. Annota-
tions of the other adducts are based on elemental compositions derived 
from accurate masses as well as database searches and should be 
regarded as putative. Annotations include one truncation [796.43 
(Cys34→Gly)], Cys34 sulfoxidation products (816.42, 822.42 and 
827.76, representing addition of 1, 2 and 3 oxygens to Cys34, respec-
tively), a reactive carbonyl species (crotonaldehyde, 835.11), a host of 
mixed Cys34 disulfides, notably those of methanethiol (827.09), Cys 
(851.43), hCys (856.10), CysGly (870.43), GluCys (894.44) and GSH 
(913.45), and a product of reaction with allylmethylsulfone (a metab-
olite of garlic). Three of the adducts had MS2 spectra indicating modi-
fications of the T3 peptide at sites other than Cys34, including 
methylation (816.43). We had previously detected 30 of the T3 adducts 

Table 2 
Features of the Lys525 containing peptide and its modifications.  

Lys525 
feature 

RT, 
min 

MIM observed 
(m/z, þ2) 

MIM theoretical 
(m/z, þ2) 

ΔMass 
(ppm) 

Added 
mass (Da) 

Elemental 
composition 

Annotation PAR Fold change (DEE- 
exposed /unexposed) 

500.81a  8.68  500.8050  500.8055  0.998 -128.093 -C6H12N2O Loss of N- terminus 
lysine  

0.54  1.01 

564.85a  6.31  564.8521  564.853  1.593 0  Lys525 containing 
peptide  

90.25  1.02 

577.86a  9.96  577.8606  577.8608  0.346 27.025 +C2H3 Acetylation  1.81  0.97 
586.33  13.96  586.3319       Unknown  5.56  0.99 
586.36a  10.68  586.3556  586.3559  0.511 44.014 +CH2NO Carbamylation  0.38  1.01 
587.31  10.71  587.3110       Unknown  25.69  0.98 
638.82  11.02  638.8195       Unknown  0.11  0.99 
639.87  15.47  639.8681       Unknown  0.33  0.98 
645.88a  6.49  645.8793  645.8794  0.154 163.062 +C6H11O5 Fructosyl lysine 

(glycation)  
40.42  0.98 

Legend: MIM, monoisotopic mass; PAR, ratio of adduct peak abundance to housekeeping peptide peak abundance; RT, retention time 
a Grigoryan et al., Chem. Res. Toxicol., 2021. 
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in at least one of six previous studies with serum or plasma from diverse 
populations (footnoted in Table 1). 

As shown in Table 2, 9 Lys525 adductss were detected in this study, 
five of which were putatively annotated. The much smaller number of 
Lys525 adducts with sufficient data for statistical analysis (n = 6) 
compared to that of Cys34 (n = 38) reflects the lower reactivity of the 
ε-amino group of Lys525 compared to the sulfhydryl of Cys34, which is 
the primary scavenger of reactive electrophiles in serum, as well as steric 
effects (Aldini et al., 2008). Annotated Lys525 adducts include the 
tryptic miscleaved Lys525 peptide (564.85), the tryptic native peptide 
showing loss of the Lys525 residue (500.80) as well as products of 
acetylation (577.86), carbamylation (586.36), and glycation (645.88), 
all of which had been reported previously (Grigoryan et al., 2021). Four 
additional Lys525 features were not annotated (586.33, 587.31, 638.82, 
and 639.87) and were not detected in our previous investigation (Gri-
goryan et al., 2021). 

The 9 adducts that were unique to the current investigation include 
five from Cys34 (851.77 from allylmethylsulfone and four unknowns: 
858.41, 867.10, 869.06, and 910.18) and four unknowns from Lys525 
(586.33, 587.31, 638.82, and 639.87). The MS2 spectra and SICs/MS1 
spectra of these new adducts are reproduced in Supplementary Figs. S1, 
S2 and S3, S4 for the T3 peptide and Lys525 residue, respectively. The 
raw fold changes (FC) for adduct abundances in subjects with and 
without DEE exposure ranged from 0.61 to 1.46 (Tables 1 and 2). 

3.2. Alterations to the Cys34/Lys525 adductome among DEE-exposed 
and unexposed subjects 

We found evidence that 6 adducts in the Cys34 residue were altered 
between DEE-exposed subjects and unexposed controls (Fig. 1). The 
agreement of aggregated findings from multiple linear regression and 
penalized logistic regression was 57%. The highest-ranked adducts that 
differed by DEE exposure status according to the nominal p-values from 
linear regression were 851.76, S-Cys (NH2→OH), p = 0.065; 913.45, S- 
GSH, p = 0.029; 860.77, S-hCys(+CH3), p = 0.121; and 841.75, S- 
mercaptoacetic acid, p = 0.293. Adduct 851.76 was also highly ranked 
by random forest (Fig. 1B and C). These findings were aggregated with 
the remaining adducts selected to be of high importance by random 
forest (856.10, S-hCys, p = 0.141; and 870.43, S-CysGly, p = 0.387) 
(Fig. 1C). 

As shown in the volcano plot (Fig. 1A), three adducts were less 
abundant in DEE-exposed subjects compared to unexposed subject (FC 
estimate < 1): 851.76, FC = 0.88; 860.77, FC = 0.83; and 856.10, FC 
= 0.91. Conversely, three adducts were more abundant in DEE-exposed 
subjects compared with unexposed subjects (FC estimate > 1): 913.45, 
FC = 1.18; 870.43, FC = 1.05; and 841.75, FC = 1.07. None of the 
Lys525 adducts differed between DEE-exposed and unexposed subjects. 

To qualitatively confirm the potential exposure-response relation-
ships between DEE and the adducts, we evaluated their associations with 
tertiles of EC, which is an extensively used surrogate measure that re-
flects DEE exposure levels (Tables S3A and B). We observed a negative 
EC exposure-response relationship for 851.76 that was largely driven by 
the highest EC tertile (54.6–107.7 µg/m3) (Fig. S5). We also observed a 
positive non-linear exposure-response relationship for 913.45 (Fig. S5). 

Results from hierarchical clustering based on Spearman correlation 
coefficients between selected adducts are shown in Fig. 2. Adducts 
860.77 and 856.10 were modestly correlated (Spearman r = 0.61), 
while 913.45 and 851.76 were weakly correlated (Spearman 
r = − 0.24). Random forest analysis of the selected adducts and all the 
covariates is shown in Fig. 3. Here, adducts 870.43, 851.76, and 856.10 
were found to be of importance across the decision trees. Additionally, 
CD4 and CD8 counts, lymphocyte counts, MIP-1D, interleukin (IL)− 16, 
and C-reactive protein (CRP) were found to be of importance in the 
random forest analysis, which further supports their previously reported 
associations with DEE(Bassig et al., 2017; Dai et al., 2018; Lan et al., 
2015). 

4. Discussion 

Using an untargeted adductomics approach, we investigated 
whether occupational exposure to DEE was associated with alterations 
to the Cys34/Lys525 adductome of HSA, which reflects the biological 
activity of circulating ROS/RES. We found evidence that 6 adducts in the 
Cys34 residue were altered between DEE-exposed subjects and 

Fig. 1. An ensemble machine learning feature selection approach to detect 
alterations to the Cys34/Lys525 adductome by DEE exposure status. This 
ensemble approach aggregates the findings from three individual modeling 
approaches that estimate different kinds of DEE-adduct associations. The 
agreement among findings from linear and penalized logistic regression 
(LASSO) is estimated, then combined with findings from random forest, to 
select the adducts that differ between DEE-exposed workers and unexposed 
controls. A. Volcano plot of nominal p-values for each adduct in the linear 
regression model comparing DEE-exposed workers to unexposed controls. B. 
Proportion of times that each feature was selected by penalized logistic 
regression (LASSO) of DEE-exposure vs. unexposed status. C. Ranked variable 
importance measures for random forest classification of DEE-exposure vs. un-
exposed status. 
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unexposed controls (i.e., 841.75, 851.76, 856.10, 860.77, 870.43, and 
913.45). All 6 of the highly ranked adducts were previously detected in 
studies of Cys34 adductomics in diverse populations. The 6 adducts were 
biologically related to antioxidant activity, including reactions with 
cysteine (851.76), homocysteine (856.10 and 860.77), mercaptoacetic 
acid (841.75), CysGly (870.43), and glutathione (913.45) (Bellamy and 
McDowell, 1997; Boushey et al., 1995; Dringen et al., 1999; Elias et al., 
2005; McBean, 2017). These findings suggest that occupational expo-
sure to DEE could alter downstream biological processes related to 
detoxification, as reflected by Cys34 adducts. 

The three Cys34 adducts that were lower among DEE-exposed sub-
jects were derived from reactions with circulating cysteine (851.76) and 
homocysteine (856.10 and 860.77), which are natural constituents of 
human blood. We previously observed that Cys34-cysteine adducts were 
inversely associated with cigarette smoking (Grigoryan et al., 2019), 
which also has some similar constituents as DEE. In the current study, 
we did not detect associations between levels of the cysteine adduct and 
smoking (data not shown), which may be attributed to the narrow 
variation in smoking in our study population, as most subjects were 
light-to-moderate smokers (Lan et al., 2015; Wong et al., 2021b). 

Adducts of homocysteine were previously observed to be positively 
associated with exposure to benzene (Grigoryan et al., 2018). Homo-
cysteine can be irreversibly degraded to cysteine and metabolized by 
cystathionine β-synthase (CBS) to cystathionine and ultimately to 
cysteine by cystathionine γ-lyase (Blom and Smulders, 2011). This 
process may explain why adducts of these cysteine and homocysteine 
were highly ranked for association with DEE (Fig. 1 B,C). 

The three adducts that were higher among DEE-exposed subjects 
were products of reactions with mercaptoacetic acid (841.75), gluta-
thione (913.45) and CysGly (870.43). The mercaptoacetic acid product 
was previously found to be positively associated with exposure to ben-
zene (Grigoryan et al., 2018), which is a noteworthy component of DEE 
(Muzyka et al., 1998a, 1998b). Since mercaptoacetic acid is commonly 
used as an organic additive to lubricants (Grigoryan et al., 2018) and to 
activate hydrotreating catalysts to upgrade oil (Oliviero et al., 2020), it 
is possible that diesel fuel may contain mercaptoacetic acid. We have 
previously shown that the glutathione adduct was negatively associated 
with exposure to smoky coal (Lu et al., 2017) and with prevalent cases of 
COPD and ischemic heart disease (Liu et al., 2018). As such, it is inter-
esting that the glutathione adduct was elevated in subjects exposed to 
DEE in our study, as DEE shares some carcinogenic components with 
smoky coal and is a risk factor for COPD (Ferguson et al., 2020; Hart 
et al., 2012). 

Our study had various strengths. First, this investigation was con-
ducted in an occupational setting with high DEE concentrations, which 
improved the likelihood of detecting alterations to the Cys34/Lys525 
adductome by DEE exposure status. We had a nearly 18-fold range of 
exposure (Wong et al., 2021a) and the DEE concentrations in our study 
were higher than those found in a previous study of trucking industry 
workers in the U.S. (Davis et al., 2007, 2006; Garshick et al., 2012, 2008; 
Smith et al., 2006). Furthermore, we used an ensemble machine learning 
method that aggregates the findings from three separate models to 
improve stability, accuracy, and predictive power of the analyses (Cai 
et al., 2015; Dietterich, 2000; Mark et al., 2019; Sarkar et al., 2021). 

Our study had some limitations. First, the sample size was limited; 
however, the wide difference in DEE concentrations between the DEE- 
exposed workers and unexposed controls increased the likelihood of 
detecting effects. Second, we could not discount the possibility of un-
measured or residual confounding. Third, as with most proteomic 
studies, formation of analytical artifacts is possible and can be prob-
lematic when untargeted methods are used to screen for post- 
translational modifications (Grigoryan et al., 2016). However, to 
reduce artifact formation, we eliminated steps from our mass spec-
trometry assay that have been used for adduct enrichment, buffer ex-
changes, and peptide fractionation, and performed digestion in the 
absence of tris (2-carboxyethyl) phosphine (Grigoryan et al., 2016). 
Finally, most of the adduct annotations in Tables 1 and 2 should be 
regarded as putative, because it was not possible to confirm identities of 
most adducts with reference standards. 

5. Conclusions 

In summary, we identified several alterations to the Cys34 adduc-
tome among DEE-exposed workers compared with unexposed controls. 
Our findings suggest that exposure to DEE could promote changes to 
circulating ROS/RES and support the role of ROS/RES related pathways 
in the mechanism underlying DEE-related lung carcinogenesis (IARC, 
2014). However, caution is recommended when interpreting the find-
ings. We used a hypothesis-generating approach and our results require 
replication. Further studies are warranted to characterize the in-
terrelationships between exposure to DEE, circulating ROS/RES, 
inflammatory/immunologic processes (Bassig et al., 2017; Lan et al., 
2015), and lung cancer risk (Shiels et al., 2017). 

Fig. 2. Heatmap showing hierarchical clustering of selected adducts, inflam-
matory/immunologic biomarkers, and covariates using Spearman correlation 
coefficients. Darker red cells indicate a stronger positive correlation and darker 
blue cells indicate a stronger negative correlation. 

Fig. 3. Random forest variable importance plot for predicting DEE exposure 
with selected adducts, inflammatory/immunologic biomarkers, and covariates. 
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