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Abstract

Objective: To develop an approach for a retrospective analysis of post-exposure serum samples
using diverse molecular profiles.

Methods: The 236 molecular profiles from 800 de-identified human serum samples from the
Department of Defense Serum Repository were classified as smokers or non-smokers based on
direct measurement of serum cotinine levels. A machine-learning pipeline was used to classify
smokers and non-smokers from their molecular profiles.
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Results: The refined supervised support vector machines with recursive feature elimination
predicted smokers and non-smokers with 78% on the independent held-out set. Several of the
identified classifiers of smoking status have previously been reported and four additional miRNAS
were validated with experimental tobacco smoke exposure in mice, supporting the computational
approach.

Conclusions: We developed and validated a pipeline that shows retrospective analysis of post-
exposure serum samples can identify exposures to environmental exposures.

Keywords
support vector machines; tobacco use; molecular profiling

Introduction

A consistent problem in environmental medicine is the lack of individualized real-time
measurements of environmental exposures. Environmental exposure events, such as
industrial accidents, exposures to polluted environments, or intentional contamination, rarely
occur in the presence of adequate environmental monitoring, and individualized exposure
monitoring almost never occurs. The long-term goal of our research is to determine whether
post-exposure surveillance using biomarkers can be used to assess individual environmental
exposures and predict future health risks.

Our study originated with United States Department of Defense (DoD) interest in
understanding the health risks posed to service personnel deployed to areas that used open
burn-pits to dispose of waste and trash [1]. Burn pits have been used to dispose of all solid
waste materials, including medical wastes, plastics, metals, rubber, paints, solvents,
munitions, and wood. Open burn pits have been gradually phased out in favor of controlled
incineration but are still used today in some countries where service personnel are deployed.
Burn pits create downwind exposures to airborne pollutants including particulate matter,
polyaromatic hydrocarbons (PAHS) such as naphthalene and anthracene, and polychlorinated
dibenzo-p-dioxins and polychlorinated furans [2]. These exposures vary with wind direction,
season, and waste segregation policies [3-5]. Of necessity, environmental monitoring is a
much lower priority than operational readiness and force protection. Static area monitors
may not be established in the best locations or in adequate numbers. Personal breathing zone
monitoring is limited or non-existent, due to problems such as concerns about service
member mobility and agility with the added weight and bulk of the monitoring equipment;
the difficulty of keeping batteries charged and sample filters changed in the field, and the
logistical problem of collecting and analyzing thousands of daily samples [6]. Nevertheless,
the DoD has a strong interest in maintaining the health and readiness of service personnel
and in understanding how exposures to hazardous environments may impact the long-term
health of veterans.

Some recent epidemiological studies have investigated the potential contribution of
deployment related environmental exposures to post deployment chronic illnesses, including
chronic respiratory conditions, among service members and veterans [7-11]. These studies
compared deployed with non-deployed personnel, or between personnel at different
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locations, and they produced findings ranging from no association between deployment and
disease to evidence of increased symptoms and specific lung conditions. A recent study
reported that deployment to Afghanistan or Iraq was associated with an elevated risk of post
deployment respiratory symptoms and new onset of asthma [12]. However, because of the
previously described problems with environmental monitoring, acquisition of disease
symptoms after deployment cannot be associated with any particular environmental
exposure.

The same concerns apply to anyone who receives a poorly-defined occupational or non-
occupational exposure to a potential hazard. Large scale industrial contamination events,
such as Love Canal, and smaller-scale releases such as rail car derailments or industrial
accidents, can expose dozens to thousands of people to potential hazards. Epidemiological
studies can assess broad population-based risks [13], but have little to no ability to determine
individual exposures or estimate future health risks currently exists.

Here, we describe a robust computational model for distinguishing exposed and unexposed
individuals when exposure history is unknown and environmental samples have not been
collected. The computational model takes the measurements of analytes from serum sample
that can identify individuals as exposed to air pollution, and here we develop the model for a
well-characterized inhaled toxicant, tobacco smoke. This is a proof of concept that we can
take serum analytes when environmental exposures are unknown and predict what the
exposures were, using the serum biomarkers. Further, we can prioritize the biomarkers
contributing to the exposure mediated health status. Chronic tobacco smoke is associated
with biomarkers of exposure and effect related to cancers; cardiovascular disease; lung
disease including chronic obstructive pulmonary disease, emphysema, and chronic
bronchitis; peripheral vascular disease; and many other chronic conditions [14, 15]. Several
prior studies have identified serum biomarkers of smoking, primarily inflammatory
cytokines and chemokines [16-18], and also metabolic deficits [19—-21]. Tobacco use can be
accurately assessed in de-identified serum samples by measuring cotinine levels, a nicotine
metabolite with a longer half-life than nicotine [22, 23].

We applied our computational model to discriminate a broad range of panel consisting of
236 serum analytes between smokers and non-smokers using direct measurement of serum
cotinine when smoking history is unknown. We identified a biological signature of tobacco
use within the biomarker panel. The biomarkers with highest classification weights
corresponded to cytokines and miRNAs that are previously known, or newly identified here,
to be associated with smoking. These results suggest that our model may also be able to
classify subjects as exposed or not exposed to other environmental hazards, and that the
significant features used for classification may represent novel biomarkers of exposure to
those environmental hazards.

Materials and Methods

Ethical Considerations

This study used serum samples that were de-identified and approved for use by Institutional
Review Boards at the Uniformed Services University and the University of Rochester.
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Study Design

The overall study population and design has been described in detail elsewhere [1, 24, 25].
Briefly, we obtained serum samples from the DoD Serum Repository for 400 active duty
service personnel originally drawn between 2006 and 2012. The 800 serum sample size was
determined in the original study using a power of 0.8 and alpha of 0.1. Two serum samples
were obtained for each subject, drawn about one year apart (median, 422 days; IQR, 369-
480 days). For this study investigating biomarkers related to tobacco use, the samples were
considered as individual data points. From 400 donors and 800 serum samples, 25 samples
were excluded from analysis for missing values for at least one data-type. We also obtained
basic demographic information (age and sex) for each donor.

Biomarker determination

The serum samples were processed for several classes of biomarkers. RNA was extracted,
and quantitative PCR was used to determine the levels of 144 human miRNAs most
commonly found in serum. The methods and initial results are fully described elsewhere
[25]. Metabolomics analysis was used to determine the levels of 59 metabolites, mainly
related to nutritional and health status, and this has also been reported previously [26].
Benzo(a)pyrene diol epoxide (BPDE)-protein adducts were measured by ELISA
(OxiSelect™ BPDE Protein Adduct ELISA Kit, Cell Biolabs Inc., San Diego, CA). Serum
levels of 25 polychlorinated dibenzo-p-dioxins and dibenzofurans were quantified [1, 2, 24].
Several of the dioxins and furans had low measurement. Hence, we performed Principal Co-
ordinate Analysis (PCoA), Nonlinear Multi-dimensional Scaling (NMDS) and principal
component analysis (PCA) to obtain a metric combining critical dioxin and furans. These
methods produced similar results and hence the first principal component (PC1) was used in
subsequent analyses. Specifically, PC1 explained over 90% of the total variance in dioxins
and furans and was used in regression and SVM modeling. Serum IgE was measured by
ELISA (Bethyl Laboratories, Montgomery, TX) according to the manufacturer’s directions.
A panel of 21 cytokines and chemokines associated with inflammation and B-and T-cell
activation were measured by multiple assay (Luminex, Austin, TX) as previously described
[25]. A panel of nine acute phase proteins and cytokines related to cardiovascular risk (a2
macroglobulin, C-reactive protein, Fetuin A, L-selectin, Serum amyloid A, Platelet factor 4,
Adipsin, VW Factor, and Haptoglobin) were also measured by multiplex assay. As per the
Center of Disease Control (CDC) guidelines of active smokers, cotinine was measured with
a commercial EIA kit (Calbiotech, Spring Valley, CA). Cotinine values =10 ng/ml were
defined as smokers and values <1 ng/ml were defined as non-smokers. Values between 1 and
10 ng/ml are consistent with exposure to secondhand smoke (N=8 of 775 samples) and were
grouped with the nonsmokers for this analysis. The final analysis included 236 individual
biomarkers, plus the PC1 for dioxins and furans. See Supplementary Table 1 for a complete
list of the biomarkers included in this analysis.

Data processing:

Correcting for Confounding Factors with Multiple Regression: Age and sex are
known confounding variables that could affect the development of the classifier [27-30]. We
used linear regression with ordinary least squares regression models [31, 32] to correct for
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the effects of confounding variables. Briefly, the ordinary least squares regression method
estimates the unknown parameters in a linear regression model by minimizing the sum of the
squares of the differences between the observed responses in the given dataset and those
predicted by a linear function of a set of explanatory variables [31, 32]. Specifically, we
developed ordinary least squares regression models using 775 samples for each of the 236
molecular profiles using age and sex as covariates. For each model, we computed regression
coefficient, standard error, t-statistics, and p-values for both age and sex along with ordinary
and adjusted R square, mean square error, F-statistics, residuals, and the significance of the
overall model. The residuals of the models were used for SVM classification
(Supplementary table 2). Correcting for age and sex quantifies their effects on all molecular
profiles that can possibly distort the association between molecular profiles and cotinine
levels.

Machine Learning Models for Classification: We used 236 molecular profiles from
the 775 samples as an input to the machine learning models. All the features were
standardized (zero mean and unit variance) before inputting to the model. Class labels were
assigned to each subject based on their cotinine levels (cotinine =10 ng/mL = smoker,
cotinine <10 ng/mL = non-smoker). A comparative analysis of several statistical and
machine learning models was performed. Specifically, 12 different statistical and machine
learning methods were used to classify smokers and non-smokers based on the molecular
profiles. These models include random forest, k-nearest neighbors, artificial neural
networks, linear discriminant analysis, multilayer perceptron, decision trees, logistic
regression, naive Bayes, linear and non-linear support vector machines, and their
modifications (see Supplementary Table 3 for details). 80% data was used for training and
validation, and remaining 20% for the independent testing of the models. Additionally, for
training set, we used repeated 10-fold cross validation to evaluate the model performance.
The training samples were randomly partitioned into 10 equal size subsamples. Of the 10
subsamples, a single subsample was retained as the validation data for testing the model, and
the remaining 9 subsamples were used as training set for the models. This cross-validation
process was then repeated 10 times, with each subsample used exactly once as the validation
dataset. The results from the 10-fold validation subsamples were then averaged to produce a
single estimation for overall validation-set accuracy of the models. The models were further
evaluated on the remaining 20% independent held out set to produce an estimation of test-set
performance. The performance of these 12 models were compared using several
performance indicators such as accuracy, area under the curve, kappa statistics, sensitivity,
specificity, and the generalization ability. The computational analyses were conducted in
RStudio version 1.0.143 and Matlab 2016a environment.

Improving the SVM Classifier with Recursive Feature Elimination: To minimize
over fitting the training data and to increase the ability to generalize to unseen data, selecting
the most informative features is critical [33, 34]. We used the wrapper method to identify the
most informative features by removing the redundant features and less informative features
[34, 35]. Specifically, the recursive feature elimination (RFE)[36] technique was used with
support vector machine as a classifier. The SVM with RFE approach has been extensively
and successfully used for the biomarker selection lately [37-42].
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Briefly, at the initial stage, the SVM was trained using all the features. The predictive
features were ranked based on the absolute weight assigned to them. At each subsequent
stage, the feature with least absolute weight was removed. This process was repeated in a
recursive manner, and in each iteration, the efficiency of the classifier was measured by the
10-fold cross validation (explained above). SVM recursive feature elimination identified a
small sub-set of optimal features that had better predictive power than using all of the
features.

Animal model of cigarette smoke exposure

Results

We used an animal model of cigarette smoke exposure to validate some of the novel miRNA
biomarkers identified in the human serum samples. Animal experiments were approved by
the University of Rochester University Committee on Animal Research (UCAR) under
protocol number 2007-127. Groups of C57BL/6 mice were exposed to air or mainstream
tobacco smoke for one hour, twice per day, with a one hour break between exposures, five
days per week for five weeks, as previously described [43, 44]. At the end of the exposure
protocol, the mice were euthanized with pentobarbital and the lungs were removed for
processing. Total RNA was prepared from the right lung of each mouse by the Trizol method
as previously described [45]. RNA concentration was measured using a NanoDrop 1000
spectrophotometer (Thermo Scientific, Wilmington, Delaware). MiRNA cDNA was
generated from 100 ng of total RNA per sample using the TagMan microRNA reverse
transcription kit (Thermo Scientific) following the manufacturer’s instructions. MiRNA
gPCR was run using the TagMan Universal PCR master mix (Thermo Scientific). The
specific miRNAs analyzed with corresponding TagMan Primers sets (Applied Biosystems)
were let-7a (4427975 “000377”), let-7g (4427975 “002282"), miR-93-5p (4427975
“001090), miR-29a (4427975 “002112”) and U6 (4395470 “001973). To analyze changes
in miRNA expression, miRNA expression was normalized to expression of U6 snRNA.

Data summary

Of the initial 800 samples with 236 diverse molecular profiles, 25 samples with missing
values were removed and the remaining 775 samples were used in subsequent analyses.
There were 631 (81%) male and 144 (19%) female subjects. The minimum age in the study
population was 18 years, the maximum age was 53 years, and the median age was 26 years
(Table 1). The computational model included 21 cytokines, nine cardiovascular markers, 144
miRNAs, 59 metabolites, along with IgE, BPDE-protein adducts, and 25 dioxins (see
Materials and Methods for details). The computational pipeline included a linear support
vector machine classifier with a recursive feature elimination heuristic (Figure 1). Principal
component was performed on the dioxins and furans measurements and retained only the
first principal component (PC1) to use in our subsequent analysis. PC1 explained over 90%
of the total variance, suggesting that it is a good representation of the variation in dioxin and
furan concentrations (Figure 2).

J Occup Environ Med. Author manuscript; available in PMC 2020 December 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Khan et al.

Page 7

Biomarkers associated with age and sex

We performed regression analysis for age and sex to determine the impact of these known
confounding variables on the levels of molecular profiles. Age was significantly associated
with 66 features, of which 46 (70%) were miRNAs (Supplementary Table 2). This result is
in broad agreement with other studies showing significant differences in serum miRNAs
with age. Let-7a-5p had the strongest association with age in our population (p:4.3x10‘13).
Several miRNAs including let-7a-5p, miR-126-3p, miR-142-3p, miR-30b-5-and
miR-30c-5p, have been previously reported to be associated with age [46, 47]. Eotaxin was
the only cytokine associated with age among the 22 cytokines and chemokines tested

(p=0.0002) and has been independently reported to be associated with aging [48].

Sex was significantly associated with 48 features, with the largest categories being
metabolites (24, 50%) and miRNAs (16, 33%) (Supplementary Table 2). Relatively few
miRNAs associated with sex in this study overlapped those associated in a previous survey
[47], although miR-145-5p, miR-146b-5p and miR-19a-3p were in common.

Machine leaning model for predicting smokers and non-smokers from molecular profiles

Each of the 775 samples was assigned a class label (smoker or non-smoker) based on serum
cotinine < 10 ng/ml (non-smoker) or = 10 ng/ml (smoker). Based on this criterion, there
were 296 smokers and 479 non-smokers. Principal component analysis (PCA) was
performed to investigate grouping among smokers and non-smokers based on their miRNA,
cytokine, CVD markers and metabolites separately. None of the PCAs showed obvious
separation between smokers and non-smokers (Supplementary Figure 1). To classify
smokers and non-smokers we evaluated 12 different statistical and machine learning
methods including random forest, k-nearest neighbors, artificial neural networks, linear
discriminant analysis, multilayer perceptron, decision trees, logistic regression, naive Bayes,
linear and non-linear support vector machines were used. We preferred the above models
over simpler (conventional statistical) models because of the complex nature of association
between the biomarkers. There existed multicollinearity among the predictor variables (such
as most of 144 miRNAs are correlated). Many statistical tests assume that observations are
independent leading biased estimates. Lately, a large number of published studies provide
significant evidence that the machine learning models are better capturing such complex
relationships compared to the simpler models. The model comparison was performed using
80% data for training the models and remaining 20% for independent testing of the models.
For evaluating the robustness of the trained models, 10-fold cross validation and held-out
accuracies were analyzed (additional details are in methods sections). For all 12 models the
repeated 10-fold cross validation performance between 59-67% on 80% training set and
between 57%—70% on 20% independent test set (Supplementary Table 3) was observed. The
model comparison revealed following methods: SVM with class weights, logistic regression,
neural networks, naive Bayes and multilayer perceptron, had a balance between sensitivity
and specificity. We selected linear SVM with class weights which made the feature selection
considerable more feasible compared to the other methods [49] for further studies to classify
smokers and non-smokers. Briefly, Linear SVM model optimizes a hyperplane that separates
the smoker and non-smoker classes as best as possible. The hyperplane is represented by the
coordinates of a vector (feature weights) which is orthogonal to the hyperplane. For any data
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point, if the dot product with the vector is positive, it belongs to the positive class, if it is
negative it belongs to the negative class. Moreover, the absolute value of the feature weights
relative to the other ones gives an indication of how important the feature was for the
separation compared to all other features [50].

As 94 of 236 features had significant associations with age, sex, or both, we used regression
models to obtain age-and sex-corrected molecular profiles as inputs to the SVM classifier.
The 10-fold cross validation accuracy with adjusted molecular profiles on the training set
was 62.65% (ROC-AUC 0.62) and the accuracy on independent held out set was 59.1% with
a sensitivity of 52.24% and a specificity of 62.11% (see Supplemental Table 4). We also
obtained the relative absolute weights of the features from the trained SVM model. The top
five biomarkers with the highest absolute weights assigned by the model were indoleacrylic
acid, tryptophan, oxoproline, IL-1p, and creatinine (see Supplementary Table 4 for complete
details). These weights provide a relative indication of their importance in the decision
making process of the classifier.

Improving the model with recursive feature elimination

In order to improve predictive accuracy and find a smaller set of robust biomarkers that can
be tested experimentally, we employed recursive feature elimination by selecting a subset of
input features that maximized the performance and generalizability of the model. In
scenarios where using all features in the model lead to a biased (overfitted) model, the SVM-
RFE approach has a potential to pick a subset of relevant features that can produce a
generalized and robust model [38, 41]. Briefly, at the initial stage, the SVM was trained
using all the 236 features. Predictive features were ranked based on the absolute weight
assigned to them. At each subsequent stage, the feature with least weight was removed. This
process was performed in recursive manner, and in each iteration, the efficiency of the
classifier was measured by 10-fold cross validation. Specifically, we ran SVM-RFE analysis
using all the available data and measured the model performance through 10-fold cross
validation (as explained in Methods). The accuracy of the SVM model improved with
recursive feature elimination (Figure 3). The highest achieved 10-fold cross validation
accuracy was 78% with ROC-AUC of 0.80 and with 87 features (roughly one third of the
original features). The smallest feature set that achieved =75% training and cross-validation
accuracy had 45 features (Figure 4A and Supplementary table 5). For this feature set, the
training accuracy was 78% (ROC-AUC=0.82) and the 10-fold cross validation accuracy was
75% (ROC-AUC=0.78). In order to make sure the results from the subset of 45 features are
generalized and robust we performed additional experiments. We split the data into 80% as
training set and 20% as independent held out set. We performed the repeated 10-fold cross
validation training set as discussed in the earlier section but this time with only 45 features.
The mean 10-fold cross-validation performance on the training set was 71.2% (ROC-
AUC=0.75). The SVM performance on the independent held-out set was 78.6% (with a
sensitivity of 72.9% and a specificity of 82.1%). (Supplementary Table S6). The
performance of linear SVM model with 45 features was superior to all other 11 models used
for the comparative analysis in this study. Random forest was the second best model with an
accuracy of 73.38% (Cl: 65.7%, 80.2%). The ability of the 45 feature set to separate
smokers and non-smokers using weighted PCA is shown in Figure 4B. These 45 features
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represent a biological signature of tobacco use in our study cohort. This feature set includes
3 members of the tryptophan biosynthesis pathway, 16 other metabolites, 7 inflammatory
cytokines, 2 cardiovascular markers, and 17 miRNAs. The pattern suggests a general
disruption in the regulation of inflammation and energy metabolism consistent with other
studies of tobacco smokers. Specific results are discussed in detail below.

Comparison between adjusted and un-adjusted models

To evaluate the impact of the age and sex adjustments on the outcome, we also trained an
SVM classifier using unadjusted data and compared it with the age-and sex-adjusted SVM
model (described above). The accuracies of both the models were comparable when using
the full 236 feature set (Supplementary Tables 7). The 10-fold cross validation accuracy of
an unadjusted model was 60% (ROC-AUC=0.61) whereas that of the age-sex adjusted
model was 63% (ROC-AUC=0.62) respectively. Using SVM-RFE approach, we noticed the
improvement in the model performance. The smallest feature set in the unadjusted model
that exceeded 75% training and cross validation accuracy consisted of 50 features, compared
to 45 features with the age-sex adjusted model (Supplementary Tables 5 and 8). Among
these two optimal feature sets, 36 were common to both models, suggesting that the
unadjusted and age-sex adjusted models were both able to identify the most significant
predictive features of tobacco use, although the weights assigned to these features were
somewhat different.

Biological validation of miRNA results.

Many of the cytokine and metabolic markers identified by the SVM as classifying smokers
from non-smokers have previously been reported to have associations with cigarette
smoking, as discussed below. MicroRNAs represent a relatively novel class of biomarker
and much fewer data have been published on the relationships between specific miRNAs and
environmental exposures. Since MiRNAs are also highly conserved among mammalian
species [51], we next queried a mouse model of cigarette smoke exposure to determine if the
miRNAs that were classifiers of smoking in our study population were also targeted by
cigarette smoke in the mouse model. We selected 4 miRNAs that contributed to classifying
tobacco exposure in the SVM results based on absolute weights, and their relevance in
literature in deployed military service personnel [24]. The expression of the four miRNAs,
miR-29a, miR-93, let-7a, and let-7g, was measured in mouse lung tissue from mice that had
been exposed sub-chronically to mainstream cigarette smoke. Expression of miR-93
decreased with smoke exposure while let-7g increased, but these results were not significant.
Excitingly, however, cigarette smoke significantly altered expression of both miR-29a and
let-7a (Figure 5), consistent with their contribution to the classification of smokers among
service personnel. SVM weights do not provide insights into the direction of change. The
fact that the selected 4 miRNAs showed differences in mouse models upon smoke exposure
encourages further evaluation of these markers in human and mice serum with larger sample
sizes. Other miRNAs from the 45 features will also be investigated in future.
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Discussion

Military service personnel deployed to operations in Iraq and Afghanistan between 2006 and
2012 were exposed to multiple poorly-defined environmental hazards including sand and
dust storms, endemic organisms, air pollution from aviation and motor pool operations, and
most notably, air pollution from open burn pits (summarized in [1]). Past experience with
Agent Orange and Gulf War Iliness has sensitized the DoD to the need to be able to
determine individual exposures, with the aim of understanding risks to future health based
on those exposures. The present study is part of an ongoing project to investigate whether it
is possible to identify exposure to burn pits and other deployment hazards using intensive
biomarker measurements in pre-and post-deployment serum samples. The study design is
reviewed in depth elsewhere [1]. Here, our goal was to develop a machine learning method
that could use serum biomarkers to classify subjects by exposure groups and identify a
biological signature of exposure to an environmental hazard. The biomarkers that distinguish
exposed from non-exposed subjects represent biological processes that have been impacted
by the environmental exposure and may be useful in understanding and predicting
immediate and future health impacts.

To validate this model, we took advantage of the fact that information on subjects’ tobacco
use can be obtained independently from the serum samples by measuring cotinine, a
metabolite of nicotine with a longer serum half-life than nicotine [22, 23]. Cotinine was used
as a discrete variable since CDC has clear definition of active smoker (cotinine >=10 ng/ml).
If the model classified subjects by smoking status with high confidence, we felt that the
model would also be able to classify subjects by exposure to other environmental toxins,
such as those encountered during deployment to areas using open burn pits. Using 236
biomarkers, the SVM-RFE model achieved a peak cross-validation accuracy of 78% with 87
biomarkers. For a more manageable number of features, we found that the smallest feature
set to achieve both =75% cross-validation and independent testing accuracy used only 45
biomarkers.

Our primary model was age-and sex-adjusted, after we found multiple strong associations of
selected biomarkers with age and sex (Supplementary Table 3) consistent with prior reports
[46-48]. However, it is interesting that the results of an unadjusted model were qualitatively
similar. The most highly weighted features in each model were similar, although the
absolute weights differed. The smallest feature set using the unadjusted model with >75%
training and cross-validation accuracy contained 50 features (Supplementary Table 7),
comparable to the corresponding set from the adjusted model (45 features, Supplementary
Table 5), and 36 of the features were common to both models. This finding implies that
tobacco smoking, as an example of toxic environmental exposure, has overall greater
biological impact on the biomarkers we measured than either age or sex. Nevertheless, we
believe that age and sex adjustments will be important for future studies, especially if the
biological effects of the injury or exposure under study are subtler.

The choice of using machine learning technique was done to limit bias due to
multicollinearity among the predictor variables (such as most of 144 miRNAs are
correlated). Many statistical tests assume that observations are independent. The application
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of these tests to correlated observations could lead to the over or under estimation of P-
values in certain cases that may produce biased estimates. We believe machine learning
algorithm are better at unraveling the complex hidden relationships in the feature space.
Comparison with different statistical machine learning techniques reveals that the simpler
linear SVM maodel provided comparable accuracy and a better sensitivity. Moreover, unlike
some of the other methods, feature selection with SVM was feasible. Additionally, weighted
SVM allowed us to address slight imbalance in the class with 296 smokers and 479 non-
smokers. Particularly, class weights penalize the misclassification cost for the minority class
(smokers in our case) instead of giving equal weight to the both classes. Since the prior
probability of being non-smoker was 0.62 and that of being smoker was 0.38, we designed
the cost matrix based on these prior class probabilities. The model, therefore, avoided being
skewed towards the majority class and produced generalized results. We demonstrated a
20.2% improvement (from 58.4% to 78.6%) in the model performance by identifying and
training machine learning model on a subset of more relevant and informative features.
However, though SVM can reveal a set of features with potentially complex relationships,
biological validation of this multivariate association is a multistep process. Here we begin to
investigate selected features one by one and in future they will be studied in depth.

To understand if the model identified classifiers with real biological importance, we turned
to the substantial body of literature on the impact of tobacco smoking on human health. We
expected that the model would identify cytokines and other biomarkers that have been
previously shown to be associated with smoking using independent subject cohorts, and this
result is indeed what we found. In the cardiovascular panel, haptoglobin and vVWF were
predictive factors for tobacco use, consistent with previous reports [46, 52-54]. Similarly,
creatinine has a reported association with smoking [55, 56]. Among cytokines, smoking has
previously been reported to elevate serum levels of IL-6, IL-1B, VEGF and I1L-13 [57-62].
Two miRNAs that were recently reported to be associated with smoking, miR-106a-5p and
miR-374a-5p, [63-67] are also highly weighted classifiers in our model.

Since comparatively little information exists on serum miRNAs relative to other biomarkers,
we selected four miRNAs for further validation. These miRNAs, miR-29a, miR-93, let-7a,
and let-7g, were highly weighted classifiers of smoking in both the age-and sex-adjusted
model and the unadjusted model. They were also associated with exposure to polyaromatic
hydrocarbons or polychlorinated dibenzo-p-dioxins and dibenzofurans, which are toxic
products of burn pit combustion [24, 25]. Since many miRNAs are highly conserved across
mammalian species [51], we quantified these miRNAs in lung tissue of mice exposed to
mainstream tobacco smoke for 5 weeks. The exposure is roughly equivalent to a 1-1/2 to 2
pack per day habit in humans. It gives good acute, sub-chronic, and chronic results,
including inflammation and emphysematous changes, and has been used for pre-clinical
animal testing of several potential anti-inflammatory therapies to reduce acute inflammation
and chronic airspace changes. Furthermore, the described experiments from lung samples is
a first step in a multistep follow-up study. Lungs are the most likely source of miRNAs since
they are directly affected by smoking hence lung RNA was reasonable site to evaluate for
mechanistic understanding. Among the four miRNAs selected by SVM classifier model, two
miRNAs (let-7g and miR-93) were affected by cigarette smoke exposure, although not
significantly. However, the other two (let-7a and miR-29a) were significantly reduced with
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cigarette smoke exposure (Figure 5). Taken together with other published miRNA and
cytokine data, this result provides reasonable confirmation that the SVM model has
identified classifiers that have significant and biologically relevant associations with tobacco
use. Further experiments are required to completely understand the mechanism of miRNA
regulation.

In addition to classifying current smoking status, the SVM model identified features that
may indicate links between exposures and future health risk. MiRNAs can regulate hundreds
of genes and impact multiple disease pathways, can be regulated epigenetically, and can
exhibit dysregulation long after the original toxic exposure. Additionally, miRNAS can
persist in serum because their short length and sequestration in protein complexes,
lipocomplexes, exosomes, or microparticles making them resistant to ribonucleases [68, 69].
An important characteristic of the smoking classifiers identified by our model is that many
of them have been implicated in promoting inflammation and disease. Strong evidence
indicates that smokers exhibit chronic low-level inflammation that is a significant risk factor
for multiple diseases associated with smoking including cardiovascular and cerebrovascular
disease, diabetes, and cancer [70-72]. For example, mir-106a has recently been shown to be
involved in Ty17 cell differentiation [73]. Expression of miR-106a decreased production of
IL-17a, which led to a loss of differentiation and function of T helper cells. Ty17 cell
mediated inflammation is also associated with lung diseases such as COPD and asthma.
Let-7a and miR-29a, both important classifiers identified here and independently validated
in our mouse model of smoking, regulate inflammatory pathways in the cell. Here, we show
lower expression of let-7a and miR-29a in our smoking cohorts, and this outcome is also in
line with previous reports showing lower levels of let-7a and miR-29a in lung cancer [74,
75]. Let-7a, part of the larger let-7 family of miRNAs, regulates proliferation, glucose
metabolism, and cell differentiation and is often thought of as a tumor suppressor [76]. One
key target of let-7a is HMGAL (High-mobility group protein HMG-1/HMG-Y), a chromatin
binding protein that plays a role in numerous cancers [77]. Interestingly, elevated levels of
HMGAZ1 (that would be consistent with lower levels of the targeting miRNA, let-7a) are
observed in lung cancer [78]. Mir-29a, like let-7a, is a tumor suppressor miRNA and targets
the MRNA for CDC42, a key mediator cell cycle progression [79]. Thus, many of the
cytokines and miRNAs that are altered in subjects with elevated cotinine, and therefore act
as classifiers of smoking, have associations with known diseases caused by smoking,
including inflammation and cancer.

The overall goal of this study was to develop a machine learning model that is generalizable
to any environmental exposure, such as occupational exposures, industrial accidents, and
military exposures to burn pits during deployment; tobacco smoking is simply a well-
defined environmental insult we could use to confirm that the model works. Exposure
hazards may not be recognized until well after the exposure (e.g. Love Canal and similar
contamination events, the use of Agent Orange, exposure to burn pits in forward operating
areas), and the exact nature of the hazard and traditional exposure assessment methods may
be inadequate to identify people at risk of future harm. The ability to classify individuals by
exposure will allow identification of persons who might benefit from enhanced medical
surveillance, while the biomarkers that differentiate exposed from non-exposed subjects
identify affected biological pathways that may be associated with future disease risk. Of
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course, that ability will be dependent on the strength of the exposure and the degree of
biological impact. It will likely be more difficult to detect signatures of more subtle
exposures. The effect of smoking itself as a co-factor in future studies also must be
considered. As this study demonstrates, tobacco use has a strong biological signature
independent of age or sex. Although tobacco use rates are declining in the United States,
approximately 15% of Americans over age 18 smoke cigarettes [80]. The rate is higher
among the military (38% in our cohort, sampled between 2006 and 2012) and over 40% in
some regions of the world [81]. Self-reported smoking status tracks lower than independent
measures such as serum cotinine [23]. As a result, future studies using serum biomarkers to
evaluate environmental exposures should correct not only for age and sex, but for tobacco
exposure as determined by an unbiased quantitative method.

The method is generalizable to the study of other environmental exposures where post-
exposure serum samples may be obtained in lieu of personal monitoring. Identifying those
individuals in an at-risk population who were actually exposed would allow for more cost-
effective medical surveillance focusing on those exposed individuals. Future studies will
examine other exposure scenarios including dioxins and polyaromatic hydrocarbons, as part
of the larger overall study plan. Since there were also strong effects of age, sex and smoking
status, corrections for these factors should be included in future models of environmental
exposures.
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Refer to Web version on PubMed Central for supplementary material.
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Figure 1.
Flow diagram of the steps involved in development of our computational model.

J Occup Environ Med. Author manuscript; available in PMC 2020 December 01.




1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuely Joyiny

Khan et al.

400

2nd Principal Component (4.2)

-400 |

-600
-500

Page 20
A: PCA of Dioxins and Furans B: Loadings of PC1
% Heptachioredbenzaturans (HECOF), Total [N
Hexachlorodibenzofurans (H Toral [l
Pantachiorodibanzohurars (P otai |
. Tetrachiorodenzohs: |
. Heptachicrodibanzop-diaxns (4 ey
Haxachiceodibenzo-p-diaxng Ha | |

Partachicrodibanzo-p-dioon (Pa ot |
L]
i - Tatrachiceoabenzo-p-Hoxns |
. - Crtachlcradibe
-
- - o 1,2.3.4,7 8 9-Haptachiorodiben:

234,78 Haptachiorodidanzohean |
234 6,7 8-Hexachiorodben zotus
1,2.3.7.8.9-Hexachiorodbenzoturan |

1.2.3,6,7 8-Hexachiorodibenzoturan |
. 1.2.34.7 8- Hexachiorodbenzoturan (HxCl
2.3.4,7 B-Pentachionodbenzoturan

£
¥

- 1.2.3.7 B-Pentachiorodibenzoturan
. 23,78 Tetrachlorodiberzoh
Octachicrodibar

1,2,3.4.7 B-Haxachiorodibeng o-p-daoin (H
- 1,2,3.7 A-Pentachicrodibenzo-p-dcuin |
2,37 8-Tetrachlarodbenza-p-soxin (TCOD) |
o 500 1000 1500 2000 2500 o 01 02 03 04 05 06 o7 08 09

1st Principal Component (89.7%) PC Loading

Figure 2.
Principal component analysis of the polychlorinated dibenzo-p-dioxins and dibenzofuran

data. (A) Graph of the first two principle components. (B) Loading values for individual
dioxins and furans in principal component 1. The most heavily weighted dioxins and furans
(total heptachlorodibenzofurans, total heptachlorodibenzo-p-dioxins, and octachlorodibenzo-
p-dioxin), correspond to the most frequently detected species as previously reported [1, 25].
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Figure 3.
Performance of SVM with recursive feature elimination. (A) Frequency of recursive feature

eliminations (y-axis) resulting into mean 10-fold cross-validation accuracy (x-axis). (B)
ROC curve (receiver operating characteristic curve) showing performance of a classification
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with 45 selected features compared to all 236 features shows improvement in the AUC (area
under the curve).
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B. Weighted PCA of 45 Optimal Featuers
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Figure 4.
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Features identified by SVM with recursive feature elimination to classify subjects into
smokers and non-smokers. Serum biomarkers were analyzed by SVM as described. (A) The
smallest feature set to achieve =75% training and cross-validation accuracy is shown, with
the relative predictive weights. Features of interest are highlighted in red (miRNAS), green
(cytokines), blue (cardiovascular markers) and yellow (the tryptophan pathway). Arrows
indicate miRNAs selected for further validation. (B) Weighted principal component analysis
of the 775 subjects using the 45 feature set. Blue dots represent non-smokers and red dots
represent smokers. Using the SVM weights, the PCA is able to classify the subjects by

smoking status.
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Figureb.
Tobacco smoke exposure alters miRNA levels in mouse lungs. Groups of mice were exposed

to tobacco smoke as described in the Methods. Total RNA was prepared from lung tissue
and levels of mMiRNAs (A) let-7a, (B) miR-93, (C) let-7g, and (D) miR-29a were determined
by RT-PCR. N=4-6 samples per group. **P<0.01, ***P<0.0001 by t-test.
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Table 1.
Demographic Characteristics of the Study Cohort

Counts (Per centage)
Age
17-19 5(1)
20-29 243 (61)
30-39 104 (26)
40+ 48 (12)
Gender
Male 325 (81)
Female 75 (19)
Race/Ethnicity
White 254 (63)
Black 89 (23)
Other 57 (14)
Rank
E1-E4 154 (39)
E5-E9 189 (47)
01-03 40 (10)
04-09 17 (4)
Service
Army 226 (57)
Coast Guard 1(0)
Air Force 68 (17)
Marine Corps 24 (6)
Navy 81 (20)
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