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A spatiotemporal analysis of benzene was performed in east of the USA and in a representative station in
Baltimore County, in order to assess its trend over a 25-year time span between 1993 and 2018. A novel time
series analysis technique known as TBATS (an ensemble of Trigonometric seasonal models, Box-Cox transfor-
mation, ARMA error plus Trend and Seasonal components) was applied for the first time on an air contaminant.
The results demonstrated an annual seasonality and a continuously declining trend in this respect. The success of
Reformulated Gasoline Program (RFG), initiated in 1995, was obviously detected in time series data since the
daily benzene concentrations reduced to one-sixth of its original level in 1995. In this regard, the respective
values of mean absolute scaled error (MASE) were 0.35 and 0.45 for training and test series. Given the observed
concentrations of benzene, the hot spot areas in east of the US were identified by spatial analysis, as well. A
chronic cancer risk was followed along the study area, by both a deterministic and probabilistic risk assessment
(PRA) techniques. It was indicated that children are at higher risk than that of adults. The range of estimated risk
values for PRA was higher and varied between 6.45 x 10 © and 1.68 x 10~ * for adults and between
8.13 x 10~ °and 8.29 x 10~ * for children. According to the findings of PRA, and referring to the threshold level
of 1 x 10™%, only 1.2% of the adults and 28.77% of the children were categorized in an immediate risk group.

1. Introduction

Adverse effects of exposure to air contaminants vary from damage
to immune and nervous system to fatal diseases such as cancer
(Mohamed et al., 2002). Volatile organic compounds(VOCs), as major
environmental contaminants, contribute to global warming and am-
bient ozone formation in troposphere as well as ozone depletion in
stratosphere layer (Durmusoglu et al., 2010). Among these substances,
BTEXs(benzene, toluene, ethyl benzene and xylenes) have been re-
cognized as hazardous air pollutants (Hajizadeh et al, 2018) and
benzene was categorized in Group-A of human carcinogenic con-
taminants by IARC(International Agency for Research on Cancer)
(Demirel et al., 2014).

Benzene was known as a main cause of human leukemia by pro-
duction of chromosomal aberrations and alterations in cell differ-
entiation (Celik and Akbas, 2005). Moreover, the risk of lymphopoietic
and lung cancer is significantly higher for those who work in places
under the influence of petroleum exhausts such as VOCs (Gamble et al.,
1987).

Consequently, analysis of human exposure to benzene is of para-
mount importance among other air quality parameters due to its
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immediate human risk. The health risk assessment of BTEXs especially
benzene has been continuously performing in different parts of the
world (Lerner et al., 2018; Garg and Gupta, 2019; Shinohara et al.,
2019).

In this regard, the traditional method of human health risk assess-
ment is deterministic approach for which a single value is assigned to
input parameters and a single risk level is calculated, accordingly
(Fabro et al., 2015). Due to broad range of input parameters, there will
be a high uncertainty in estimated health risk values, thereby making
the results untrustworthy. On the contrary, a viable alternative option is
to utilize a probabilistic approach where probability density functions
(PDFs) are assigned to input parameters and random values are taken
from each assigned PDF by Monte Carlo simulation (Sakizadeh et al.,
2019). The results of this method are demonstrated by a cumulative
probability curve implying the probability that the risk values will be
less or higher than a specified permissible limit. Through this method,
the uncertainty in input parameters can be taken into account in risk
assessment.

Meanwhile, in a recent study, health risk assessment of VOCs in
different sectors of a petroleum refinery in China was investigated by
both a deterministic approach and a Monte Carlo simulation through a
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probabilistic method. There was a high cancer risk, varying between
2.93 x 102 in wastewater treatment sector to 1.1 x 10~ 2 found in the
basic chemical area (Zhang et al., 2018b). In addition, human cancer
risk of benzene in landfill sites was assessed in both Turkey
(Durmusoglu et al.,, 2010)and Iran (Yaghmaien et al., 2019). It was
found that the associated health risk in Turkey was 6.75 x 10>, lower
than the permissible value of 1 x 10~ %, whereas the maximum esti-
mated risk values in landfill treatment plant and municipal solid waste
disposal unit exceeded this cut-off level in Iran.

On the other hand, in environmental epidemiology, both time and
space influence observed fluctuations in VOCs(Harper, 2000) and their
associated human risk. In this context, in order to find regions con-
taining the most detrimental health effects along the study area, it is
necessary to initiate a spatial analysis. The numbers of studies in this
case are numerous. For example, emission of VOCs in coking industry
was investigated in China by Li et al.(2019) demonstrating that the
amount of emissions was higher in northern part compared to the other
areas. Moreover, spatial and temporal variation of VOCs induced by
shale gas extraction was inspected in north Texas. It was concluded that
oil and gas exploration in the nearby regions has significantly influ-
enced the amount of VOCs over the respective study area(Lim et al.,
2019).

It should be noted that there are different sources for BTEXs in the
environment including solvent usage, motor vehicle exhausts, industrial
activity and landfilling (Parra et al., 2006) however the primary local
sources are gasoline vehicles and engines(USEPA, 2005). In this respect,
in order to improve the adverse effects caused by air contaminants
within the USA, a program known as reformulated gasoline (RFG) was
mandated by congress in 1990 and its first phase was implemented in
1995 while the second phase was initiated in 2000. The main objectives
of these programs were to phase out the conventional gasoline and
replace it with a less contaminating fuel in 17 states besides the District
of Columbia (USEPA, 1999).

The current study was initiated to analysis the trend of benzene as
the most toxic species among BTEXs during a 25- year time period in a
representative station in east of the US under this program in order to
assess the success of this plan to reduce benzene level over time.
Meanwhile, a novel time series approach was utilized for the first time
to assess the daily time series of benzene between 1993 and 2018.
There has not been any application of this method on air quality
parameters in the earlier researches. The temporal trend was supple-
mented with a spatial analysis to detect the hot spot areas with respect
to the values of this contaminant. In addition, human cancer risk of
benzene in eastern part of the US was also considered via a determi-
nistic approach followed by a probabilistic method to determine the
uncertainty of deterministic results. Although there were numerous
researches on spatiotemporal and health risk assessment of VOCs
around the world including the US, but only few studies have been
conducted on such a large extent.

2. Material and methods
2.1. Applied data

The data applied in the current research were obtained from air
quality system data available at: https://www3.epa.gov/ttn/airs/
agsdatamart/. A total of 121 stations sampled in 22 USA States were
utilized for this purpose. These states are located in the east of USA and
comprised of Maine, New Hampshire, Vermont, Massachusetts,
Connecticut, Rhode Island, New York, New Jersey, Pennsylvania,
Delaware, Maryland, Virginia, West Virginia, North Carolina, South
Carolina, Georgia, Florida, Ohio, Kentucky, Indiana, Michigan, and
Tennessee. For spatial analysis, the annual mean of each station in 2018
was used.
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2.2. Deterministic health risk assessment

The chronic cancer risk characterization due to inhalation of ben-
zene within the study area was carried out by USEPA method.
According to this technique, health risk is calculated by product of
chronic daily intake (CDI) and carcinogenic potency factor (PF)
(USEPA, 1998) of the target variable (see below equations). Benzene
has been categorized in group A of carcinogenic products implying an
immediate risk due to its inhalation through ambient air. The chronic
daily intake (mg/kg/day) of this air contaminant was estimated by
applying the following equations:

CA X IR X ET x EF X ED
BW x AT 1)

CDI =

Risk = CDI x PF (2)

where CA denotes concentration of benzene in air samples (rng/m3), IR
(m3/h) and ET(h/day) imply ingestion rate of air and exposure time to
the contaminant while EF(day/year) and ED(year) indicate exposure
frequency and duration, respectively. The final parameters in equation
(1) are body weight (BW) and average time of exposure (AT) with re-
spective units of Kg and days. The body weight and inhalation rate of
ambient air were adopted from standard values suggested by the USEPA
(USEPA, 1994). Meanwhile, due to the fact that the weight of children
changes rapidly; an exposure duration of one year during 24h was
assumed for this group (USEPA, 1989).

The definition and specified units for all of the parameters have
been rendered in TablelS. As was shown in this table, a different risk
value was calculated for adults and children. According to the re-
commendation made by World Health Organization (WHO), a carci-
nogenic risk value between 1 X 10~ °and 1 x 10~ ® is considered as an
acceptable range while US Environmental Protection Agency (USEPA)
increased this permissible limit to 1 x 10~ °. Since the mean value of
benzene along the year may not completely reflect the true con-
centration that people under risk breathe so, an arbitrary day in the 2nd
of February 2018 when data gaps in the total stations were lowest was
utilized for this purpose.

2.3. Probabilistic health risk assessment

Due to the associated uncertainty in the calculated risk levels, a
probabilistic risk assessment (PRA) was followed in which probability
density functions (PDFs) were assigned to the concentration of benzene
in air, inhalation rate, and body weight that regarded as random vari-
ables according to the parameters given in TablelS. A Monte Carlo si-
mulation was employed by repeatedly sampling from each PDF and
estimation of the risk level, accordingly. In total, 10000 simulations
were performed for children and adults and the results were presented
as cumulative probability plots for each case. Since the type of prob-
ability density function for benzene concentration comes from its de-
tected values in the field so, estimation of the associated PDF was
possible through fitting of different models and assessment of the model
fitting through goodness of fitness tests. In order to investigate the best
candidate distribution for concentration of benzene, three candidate
distributions including weibull, gamma and lognormal were considered
and the performance of each fitted model was assessed by Akaike's
Information Criterion(AIC) and Bayesian Information Criterion (BIC). A
Kolmogorov-Smirnov simulation was also carried out using 50000 si-
mulations to estimate the parameters of each model whereas the un-
certainty of inspected parameters was investigated by 1000 bootstrap
samples. The details of these simulation tests can be found in earlier
researches (e.g.Sakizadeh et al., 2019). These simulations were carried
out due to low statistical power of non-parametric goodness of fitness
tests (D'Agostino, 1986). All of the required programs were written in R
statistical software with the help of packages such as EnvStats, fit-
distrplus, and logspline.
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2.4. Spatial analysis

Considering immediate risk of benzene for human health, it is im-
portant to find the areas where benzene levels are concentrated. For
this purpose, a spatial analysis was required for which inverse distance
weighting (IDW) and ordinary kriging(OK) are the most popular ones.
Because of low number of sampling locations regarding the large extent
of the study area, variogram analysis was not possible so, an IDW si-
mulation using 100 simulation tests was applied alternatively and the
average of each performance metric was retained as the final perfor-
mance criterion. There have been many recent applications of IDW
technique in environmental and health risk assessment studies around
the world (Han et al., 2018; Lin et al., 2019; Liu et al., 2019; Wu et al.,
2019). The parameters that were optimized by 10-fold cross-validation
technique were the number of nearest observations used for a local
predicting (nmax) along with the inverse distance power (idp). The
applied performance criteria consisted of relative mean absolute error
(RMAE), relative mean squared error(RMSE), relative RMSE, variance
explained by cross-validation(VEcv) and Legates and McCabe's (E1)(Li,
2016). The cross-validation tests were performed in R statistical soft-
ware with the help of spm package whereas the final maps were pro-
duced in AreGIS 10.3 using the predictions made by R software.

2.5. Time series analysis

In order to investigate temporal changes of benzene, daily time
series data from a representative station in Baltimore County,
Maryland, during 25 years between 1993 and 06-01 and 31-08-2018
were considered. This station had one of the most complete time series
data among the other ones so, selected for this purpose. There were
some missing values that were imputed through a consecutive process
in which the seasonal component was first removed from the series
followed by imputation of the missing values by a weighted moving
average algorithm on the deseasonalized series and addition of the
seasonal component back to the series. In this respect, daily time series
usually exhibit complicated seasonal components such as weekly,
monthly, quarterly and annual patterns which conventional time series
methods, for instance Autoregressive Integrated Moving Average
(ARIMA) (Kumar and Jain, 2010; Wang et al., 2017; Zhang et al.,
2018a), are unable to deal with. Consequently, more advanced tech-
niques should be thought for these kinds of time series. Meanwhile, the
benzene time series was first decomposed using a mutiseasonal time
series decomposition algorithm using the method developed by
Hyndman et al. (2019). It was partitioned to the training (between
1993-06-01 and 2012-06-01) and test set (from 2012 to 06-02 onwards)
in order to inspect the out-of-sample forecasting ability of the model.
Then, a TBATS model which consists of an ensemble of Trigonometric
seasonal models, Box-Cox transformation, ARMA error plus Trend and
Seasonal components (De Livera et al.,, 2011) was applied on the
training data. The mathematical details of this method are complicated
and out of the scope of this research. In short, the time series of interest
are first decomposed to trend, seasonal and residual components. A
linear homoscedastic model along with a Box-Cox transformation is
then utilized in order to deal with problems associated with non-linear
models and restrict the model to positive time series (De Livera et al.,
2011). The residual part is modeled by an ARMA of orders p and q
while a trigonometric function is added to enable capability of ad-
dressing non-integer seasonal frequencies. A damping parameter is also
utilized to restrict unabated continuation of the trend (Gardner Jr and
McKenzie, 1985). The values of these parameters are optimized auto-
matically through minimization of AIC in an iterative process so that
obtain the best fit.

The final time series model is presented as:

TBATS(w, @, p, q, {my, ki), {ma, ko), {mr, kr}) (3

where @ and ¢ are Box-Cox and damping parameters while p and g are
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the orders of ARMA for modeling the error compartment. In addition,
m; and k; exhibit seasonal periods and related number of Fourier terms
applied for each seasonality, respectively.

In the next step, with respect to the results of model fitting, the
generalization ability of the model was inspected on the test data using
root mean square error(RMSE), mean absolute error(MAE), mean ab-
solute percentage error(MAPE) and mean absolute scaled error(MASE)
as performance criteria. Finally, the values of benzene were forecasted
for three consecutive seasonal periods by the developed model. All of
the required codes in this part of the research were written in R sta-
tistical software as well.

3. Results and discussion
3.1. Health risk assessment

The values for skewness and kurtosis associated with a normal
distribution are 0 and 3, whereas the calculated skewness and kurtosis
of benzene using a non-parametric bootstrap technique (Efron and
Tibshirani, 1994) were 2.78 and 14.76 suggesting a positively skewed
distribution (Assaf and Saadeh, 2009). The empirical density plot and
cumulative distribution function plot of benzene data (given in Fig. 1S)
confirm this so, three probability distributions including weibull,
gamma and lognormal were assessed. This part of study was essential
since one of the requirements of probabilistic risk assessment is to find
the most suitable probability distribution for the data of interest and
estimate the related parameter values. The summary statistics of these
probability distributions using a maximum likelihood parameter esti-
mation technique were given in Table 1. Considering the finding of
Kolmogorov-Smirnov goodness of fitness, it can be concluded that both
gamma and lognormal distribution are plausible models however log-
normal distribution might be a better choice since both of the AIC
(Akaike's Information Criterion) and BIC (Bayesian Information Cri-
terion) were suggesting a lognormal distribution with respective values
of —735.216 and —730.554 compared to —725.714 and —721.052 for
the gamma distribution. Moreover, the higher p-value of lognormal
model supports this choice.

As was mentioned by Samaniego (2014), due to low statistical
power of non-parametric goodness of fitness tests, only in case of a
dramatic deviation, they are not able to detect departure from nor-
mality. Therefore, a more suitable alternative is to increase the sample
size and repeat the analysis. This technique was implemented in this
study through a Kolmogorov-Smirnov test using 50000 simulations
under the null hypothesis that the sample was drawn from a lognormal
distribution. The resultant p-value of 0.359 along with empirical cu-
mulative distribution function as illustrated in Fig. 2S demonstrated

Table 1
Results of maximum likelihood parameter estimation for Weibull, Gamma and
Lognormal probability distribution.

Estimated
standard error

Distribution functions

Weibull Gamma Lognormal

Parameters Shape 2.043 5.357 0.157,0.843**
Scale 0.005 0.000
Rate*** 1089.690 179.744
mean -5.411 0.048
Sd* 0.419 0.034

Loglikelihood 355.387 364.857 369.608

Performance AIC* -706.774 -725.714  -735.216

criteria BIC* -702.113 -721.052  -730.554

*:Sd(standard deviation),AIC(Akaike's Information Criterion),BIC(Bayesian
Information Criterion)

**:This first value is associated with Weibull while the second value was related
to Gamma distribution functions

***:Scale =1/Rate
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Fig. 1. Frequency distribution and cumulative probability plots of deterministic (top) and probabilistic (bottom) health risk assessment methods applied on benzene

concentrations.

enough evidence about the suitability of this distribution.

The mean and standard deviation of lognormal model using a
bootstrap simulation were —5.413 and 0.414 which are very close to
the values obtained in Table 1. Moreover, the 95% percentile of con-
fidence interval for the mean varied from —5.506 to —5.319 while that
of standard deviation fluctuated between 0.351 and 0.479. The final
density plot, cumulative distribution function plot, quantile-quantile
plot (g-q plot) and probability-probability plot (p-p plot) of lognormal
model versus that of empirical data have been depicted in Fig. 3S. This
graph gives more evidence about the suitability of lognormal model for
the data of interest.

On the other hand, the frequency distribution along with cumula-
tive probability plot of deterministic and probabilistic health risk as-
sessment methods have been given in Fig. 1. According to the results,
children are at higher risk than that of adults with respect to the
findings of both methods. Considering the threshold of World Health
Organization(WHO), life time cancer risk values between 1 x 10~ & and
1 x 10 ® are categorized as acceptable while for risk values exceeding
1 x 10™* an action is required (Legay et al., 2011; Demirel et al.,
2014). These threshold levels were shown by green, blue and red lines
in Fig. 1. Given the findings of deterministic approach for adults, all of
the estimated cancer risk values exceeded 1 X 10~ whereas only 1.3%
of calculated risk values were higher than 1 x 10 *. As a whole, the

estimated risk valued fluctuated between 1.17 x 10°> and
1.17 % 10~ *. The first and third quantile risk values were 2.03 x 10~°
and 3.55 x 10 ® with a median of 2.71 x 10 °. On the contrary, about
14.5% of the estimated cancer risks passed the cutoff level of 1 x 10 *
while all of the calculated levels were higher than the acceptable
threshold of 1 x 10 °. In summary, the risk values worked out for the
children varied between 2.73 x 10 ® and 2.73 x 10 * with a median
of 6.29 x 10~ >. In this regard, the associated first and third quantiles
were 4.69 x 10 and 8.23 x 10 >, accordingly.

Although, there have been multiple researches related to health risk
assessment of VOCs and especially benzene however, given the large
physical extent of the study area (1,598,576 km?), few researches were
performed on such a large extent. In one of related recent studies,
Dimitriou and Kassomenos (2019) estimated the cancer health risk due
to inhalation of benzene in 11 European countries using only one
sample from each respective country. It was found that the lifetime
cancer risks associated with all of the countries were higher than the
threshold value of 1 x 10 % a finding that was consistent with the
results of the current research. In addition, in nine out of eleven sta-
tions, the estimated risk values were higher than 1 x 10 * for adults.
There was not any report about the risk values of benzene for children
in the later study. In another study, cancer risk levels of benzene were
calculated for the state of Florida in the USA using the data of 23
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monitoring stations. It was found that the cancer risk values varied
between 4.56 x 10~ ° and 8.93 x 10 °(Johnson et al., 2009). The
lower estimated risk of this state was probably due to the lower de-
tected benzene values, fluctuating between 0.18 ppb and 3.58 ppb
compared to 0.58 ppb and 5.80 ppb in the current research. In another
similar study on 227 outdoor sites in southeast Michigan, 5% of the
samples exceeded the permissible level of 1 x 10~ (Jia et al., 2008).

It should be noted that the calculated risk values in this study are
related to outdoor samples whereas the indoor values of benzene were
possibly higher as was mentioned in earlier researches(Guo et al., 2004;
Massolo et al., 2010) so, the actual risk values for indoor inhalation may
be higher, accordingly. Moreover, as the level of industrialization in-
crease, the health risk due to benzene will rise and vice versa. For in-
stance, the detected outdoor levels of VOCs including benzene in La
Plata, Buenos Aires (Argentine) in industrial areas were between three
and six times higher than that of other regions (Massolo et al., 2010).
Other factors such as smoking in indoor places may also exacerbate the
condition since one of the major sources of benzene in indoor places is
smoking (Demirel et al., 2014). The highest estimated lifetime cancer
risk values of benzene based on a literature review conducted by the
author of this paper was 1.05 x 102 in Argentina and related to gas
stations (Lerner et al., 2012) while values as high as 1.1 x 10 2 were
also observed for rotary incinerator workshops in China (An et al.,
2014). These risk values are significantly higher than those found in the
current study.

Despite the fact that calculated values of the cancer risk by de-
terministic approach seem to be reliable and it is the dominant method
in environmental and public health researches but there are high un-
certainties in some input parameters such as body weight and inhala-
tion rate as was shown in earlier studies (Guo et al., 2004; Dimitriou
and Kassomenos, 2019). That is why a probabilistic method was also
followed in the current research to take these uncertainties into account
in estimated risk levels.

Meanwhile, as was expected, the range of estimated risk values for
PRA was higher and varied between 6.45 x 10~ and 1.68 x 10~ * for
the adults and between 8.13 x 10 ® and 8.29 x 10 * for the children.
There are some sources of uncertainties inherent in human health risk
assessment. In this study, it was tried to take the uncertainties asso-
ciated with human body weight, concentration of benzene in ambient
air, inhalation rate and exposure duration into account in the prob-
abilistic method. However, the results may still be uncertain due to
other parameters such as cancer slope factor which is estimated through
either occupational studies or toxicological researches in animals
(Zhang et al., 2018a, b). This parameter has to be fixed at its default
level in risk estimation though.

In the current research, the estimated median cancer risk for adults
was 3.41 x 10°° and its first and third quantiles ranged from
2.48 x 10° to 4.68 x 10~ °. Moreover, the median value for the
children was higher and equal to 6.92 x 10 ® whereas the respective
values of the first and third quantiles fluctuated between 4.44 x 10>
and 1.07 X 10~ “. In contrast to the deterministic approach, 99.5% of
the calculated cancer risk levels for the adults and 99.95% for the
children were higher than 1 x 10 ~°. Referring to the threshold level of
1 x 10~ only 1.2% of the adults and 28.77% of the children were
categorized in an immediate risk group.

The redeeming features of PRA approach over that of deterministic
method were discussed in other published literature and the reader can
refer to them for further information (e.g.Richardson, 1996; Thompson
and Graham, 1996). In this context, there are two major advantages
associated with PRA versus that of deterministic method. Firstly, since
the distribution of resultant risk or exposure across the population of
interest is created through PRA so, the proportion of people for which
the estimated risk exceeds a specified reference dose can also be cal-
culated accordingly. In contrast, in the former technique (e.g. de-
terministic approach), we can only specify whether or not the estimated
risk level pass a permissible limit (Richardson, 1996). It can be assumed
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that 30% of a population exceeds a reference dose but its respective risk
value falls below the threshold level. The other main advantage of PRA
is the possibility of defining risk management scenarios for population
exposure. For instance, what would be the amount of risk if we reduce
the ambient benzene level to half of its current concentration by
adopting pollution control strategies?

Despite of numerous studies on deterministic approach for benzene
and other VOCs, the number of probabilistic researches is not that much
high. For instance, in one of the example studies in South Korea, the
proportion of the population with cancer risk values exceeding the
threshold level of 1 x 10 ° varied from 87% to 98% whereas those
passing the cut-off level of 1 x 10~ ° fluctuated between 1% and 8%
among three considered sites (Choi et al., 2011). The main difference of
the current research and the latest one was assignment of PDFs for
exposure duration and concentration of benzene in addition to inhala-
tion rate and body weight. In another probabilistic approach conducted
in Turkey for risk assessment of benzene, only 30% of the population of
interest exceeded the permissible level of 1 X 10~ ¢ (Sofuoglu et al.,
2011) which is significantly lower than the findings of the current re-
search.

In contrast, considering spatial analysis of benzene, the results of
10-fold cross-validation with respect to different performance metrics
have been rendered in Table 2. In this context, the results were more
sensitive to the parameter of inverse distance power (idp) than the
number of nearest observations used for the local predicting (nmax).
Among different values that used for optimization, the best results were
found for an idp of 1 and nmax of 12. The RMSE, which is one of the
most frequent accuracy measures in environmental sciences (Li, 2017),
associated with these parameters was 0.519 however one of the dis-
advantages of this metric is its dependency to the scale of target vari-
able. On the contrary, the values of RMAE next to RRMSE are in-
dependent of the scale/unit of samples and do not change with the
mean of sample values as well. The values of these respective metrics
were 29.80% and 47.21% for RMAE and RRMSE. The final criteria used
in this study were VEcv and E1 which are reliable tools to measure the
accuracy of models(Li, 2016) and do not change with the variance of
data in addition to containing the redeeming features of RMAE and
RRMSE(Li, 2017). The VEcv and E1 found for the best performed model
were 27.73% and 24.20%, respectively.

The map produced by Idw simulation has been illustrated in Fig. 2.
According to the findings; the southeast part of the study area is the
least contaminated region which covers states like Florida, Georgia,
South Carolina, and part of North Carolina. Contrarily, the eastern
states like New Jersey, Pennsylvania, Delaware and part of Virginia,
North Carolina, Maine and Vermont are among the most contaminated
regions. As a whole, there is an increasing trend of contamination as we
move from the west to the east in the central states. In this respect, New
Jersey is the most densely populated US state, though the level of
benzene has declined approximately four times between 1999 and 2009
due to implementation of pollution control programs(Lioy and

Table 2
Cross-validation results of idw spatial method in eastern part of the US.

Optimization parameters Performance criteria

nmax idp RMAE RMSE RRMSE VEcv El

5 2 30.83 0.53 48.31 24.34 21.58
7 2 30.43 0.52 47.66 26.35 22.63
9 2 30.40 0.52 47.67 26.30 22.68
11 2 30.33 0.52 47.54 26.72 22.85
13 2 30.43 0.52 47.61 26.49 22.61
15 2 30.40 0.52 47.63 26.44 22.70
12 1 29.80 0.52 47.21 27.73 24.20
12 3 30.75 0.53 47.82 25.85 21.81
12 4 31.03 0.53 48.26 24.49 21.09
12 5 31.27 0.54 48.75 22.95 20.48




M. Sakizadeh

0 160 320
B N Kilometers

Ecotoxicology and Environmental Safety 182 (2019) 109387

Predictions(ppb)

B 0.19-0.55

0.55-0.90

0.90 - 1.25
1.25-1.60

1.60 - 1.96
1.96 - 2.31

I 2.31-2.66

2.66 - 3.01

3.01-3.37

640 960 1,280

Fig. 2. Spatial prediction of benzene (ppb) in eastern states of the US.

Georgopoulos, 2011). Meanwhile, in a study in the latest state, aromatic
VOCs (e.g. BTEXs) including benzene had the highest concentration and
frequency of exposure compared to other volatile chemicals (Harkov
et al., 1984) however due to low degradation rate of this contaminant,
the population exposure to benzene is more significant, accordingly
(Korte and Klein, 1982). The highest concentration of benzene found in
the current study was 3.9 ppb and recorded in Pennsylvania State. In a
recent study in Pennsylvania, it was concluded that a significant level of
ambient benzene is released through natural gas fracking (Meng, 2015).
All in all, this toxic substance can be attributed to both mobile (motor
vehicles) and stationary sources such as petroleum refinery (Hsu et al.,
2018), petrol stations (Hazrati et al., 2016) and oil exploration (Nance
et al., 2016) in addition to tobacco smoking in indoor places (Wallace,
1989).

3.2. Temporal variations of benzene

The results of multiple seasonal decomposition of benzene in
Baltimore County between 6-1-1993 and 8-31-2018 were illustrated in
Fig. 3. According to this graph, there is only an annual seasonality as-
sociated with the data (the third panel) but its amplitude has steadily
decreased from 1995 onwards. By seasonality, it means a periodic

pattern of either decrease or increase (e.g. over month, quarter or year),
that occurs between years (Naumova, 2006). It is hard to identify the
exact seasonal drivers since a number of factors may be involved in this
respect. However, even though, since several studies have exhibited the
effect of meteorological parameters (such as velocity and direction of
wind, temperature, humidity etc.) on fluctuations of benzene (Liu et al.,
2009; Mar¢ et al., 2015) so, these factors probably made a large con-
tribution on detected seasonality in this study.

Referring to the vertical scales, until 1995, the remainder part (e.g.
residual or error) was more important than trend and seasonal com-
ponents but thereafter the residual part had a relatively narrow range in
comparison with the other components. As it is clear, over the period of
1993-2018, the concentrations of benzene exhibit a declining trend in
the study area in which the daily concentration has reduced to one-sixth
of its original level in 1995 (the second panel). This finding was con-
sistent with previous studies on time series of benzene in other states
(Aleksic et al., 2005; Reiss, 2006). In order to further consider this re-
ducing trend, we have to inspect the time series of original data (top
panel) in Fig. 3. Between 1993 and 1994, the daily mean benzene level
increased dramatically from about 8 ppb to approximately 28 ppb but
since then it slumped to roughly 15 ppb in 1996. This sudden drop was
consistent with implementation of the Reformulated Gasoline Program
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Fig. 3. Multiple seasonal decomposition of time series of benzene between 1993 and 2018 in Baltimore County, Maryland, USA.

(RFG) in 1995, resulting in production of a more clean gasoline in 17
states of the USA including Maryland and Baltimore County. During the
first phase of this program between 1995 and 1999, 17% reduction in
VOCs emissions from vehicles was achieved (USEPA, 1999). This pro-
gram has been combined with industrial controls so, a substantial de-
crease in the time series can be observed by 2018.

Meanwhile, the TBATS model that applied for time series decom-
position in this study has several different advantages over similar de-
composition techniques. For example, the normalization is not required
for trigonometric terms so, they are more appropriate for time series
decomposition. In addition, the resultant components of seasonal de-
composition are smoother.

On the other hand, by taking the seasonality detected through time
series decomposition into account, a TBATS model was fitted to the
training series followed by its forecast for the test series, for which the
results were rendered in Table 3. According to findings for the test and
training series, there is an over-fitting problem related to the model
suggesting that the out-of-sample forecasting ability of this model is

Table 3
Performance of time series prediction with TBATS model on training and test
set.

RMSE MAE MAPE MASE
Training series 1.05 0.53 19.38 0.35
Test series 1.07 0.68 45.67 0.45

lower than that of the training series since all of the performance cri-
teria were higher for test data compared to the training set. Considering
the range of daily benzene values, the results found for RMSE and MAE
were satisfactory. Referring to Table 3, the associated RMSE for the
training and test set were 1.05 and 1.07 while that of MAE were 0.53
and 0.67, respectively. The main disadvantage related to RMSE is its
sensitivity to outliers so, MAE may be a more viable metric according to
some researchers (e.g. Armstrong and Forecasting, 2001).

In contract, the most difference between training and test series
associated with each metric was obtained for the mean absolute
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Fig. 4. Three seasonal periods of benzene forecasted by TBATS model.

percentage error (MAPE) with respective values of 19.38% and 45.67%
though its main issue is that a heavier penalty is put on positive errors
than negative ones (Makridakis, 1993). Finally, the most recommended
accuracy measure according to Hyndman and Koehler (2006) is MASE.
In this metric, the scale of data is removed by comparing the obtained
forecasts with a benchmark technique for which naive method is ap-
plied. A scaled error for which the values of forecasts are better than the
average naive forecast will result in a MASE of lower than one other-
wise it produces values higher than one (Hyndman and
Athanasopoulos, 2018). In this regard, the respective values of MASE
were 0.35 and 0.45 for training and test series, demonstrating the better
performance of the applied method versus that of naive approach. As
was mentioned earlier, conventional time series techniques are not able
to handle these kinds of daily series.

The final forecasts were obtained for three seasonal periods by the
TBATS model and the associated result was depicted in Fig. 4. With
respect to the final results, the model selected for the training data was
a TBATS equal to (0.003,{5,5},-,{ < 365,10 > }). It implied that a Box-
Cox parameter of 0.003 has been applied in order to account for non-

linearity in the model which was shown by omega in the original
equation (equation (3)). On the contrary, the residual (error) part was
modeled by an ARMA (5,5). In this case, no damping parameter was
utilized for the model of interest. It means that identical predictions
obtained for short run and long run trends. This finding is consistent
with the annual seasonality exhibited by multi-seasonal decomposition
(Fig. 3) and it seems as if the seasonality has been reproduced well since
the seasonal component has roughly been fixed from 2014 onwards.
Finally, m; which denotes seasonal periods in equation (3) was 365 in
this case that is in agreement with the finding for multi-seasonal de-
composition too, while a Fourier term of 10 for each seasonality was
also applied.

The model applied in the current research contains numerous re-
deeming features over that of conventional methods which was dis-
cussed. For instance, the time series with double seasonal periods (such
as both annual and weekly), non-integer seasonality (e.g.an annual
seasonality equal to 365.25 or a weekly seasonality of 52.129), high
frequency seasonality (e.g.in hourly time series data) and dual calendar
effect (such as in Islamic nations with both Hejri and Gregorian
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calendars) cannot be handled with traditional time series modeling
techniques. However, the TBATS model can train and forecast these
cases due to its trigonometric formulation and state space modeling
features. Moreover, classical time series approaches, like exponential
smoothing, assume that the model residuals (errors) are serially un-
correlated and thus under violation of this underlying assumption, the
modeling results may not be valid. In contrast, using TBATS approach,
not only the possibility of serial autocorrelation of residuals can be
taken into account but also the time series with nonlinear features can
be trained through inclusion of Fourier series in modeling process.
The only downside associated with the predictions obtained in this
study is that 80% and 95% intervals were too wide; a prevalent problem
with TBATS models as mentioned by Hyndman and Athanasopoulos
(2018). It shows that there are high uncertainties related to out-of-

sample predictions in a way, as the time progresses, the forecast in-
tervals tend to widen. It should be noted that following estimation of
model parameters like smoothing, damping and Box-Cox transforma-
tion plus ARMA coefficients; the point forecasts and prediction intervals
can be obtained during the forecasting process using the inverse of Box-
Cox transformation. However, this interval is monotonically increasing
so that the required probability coverage is retained for the forecast
intervals. The high forecast intervals obtained in this study are in
agreement with that of Brozyna et al. (2018) using TBATS model where
the confidence interval of forecasts for daily demand of electric energy
were more than double higher than those of monthly data.

This study was the first application of TBATS model for daily time
series prediction of an air contaminant. There were some earlier suc-
cessful applications of this technique in environmental epidemiology
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(Cherrie et al., 2018), water resources (Barrela et al., 2017) and climate
change research (Tudor, 2016), anyhow. In order to more specifically
consider seasonality of benzene, a calendar plot for one decade of data
was created and has been depicted in Fig. 5. As it is clear, a strong
seasonality is obvious for which the values are lower in January-April
and October-December whereas higher levels of benzene were recorded
in May-September from 1998 to 2007. This seasonality is more obvious
in the first four years and less clear in the following years. It is not easy
to mention the main reasons for this seasonality but as explained earlier
meteorological parameters have possibly made a great contribution in
this respect.

4. Conclusion

In this study, daily time series of a toxic air contaminant (benzene)
was investigated over a 25-year time period. These daily environmental
data series usually contain complicated seasonal patterns such as
monthly, quarterly and annually. By multi-seasonal decomposition of
time series, a continuous declining trend was identified that started
following implementation of Reformulated Gasoline Program (RFG) in
1995. Since conventional methods of time series forecasting such as
ARIMA are unable to handle these higher frequency time series so, an
advanced forecasting method known as TBATS was applied for the time
series of interest. According to the findings of this study, the main
disadvantages of this technique were its low out-of-sample forecasting
ability besides its wide confidence intervals. However even though, this
method is able to decompose complex seasonality and find the suitable
model in a completely automatic process by minimization of AIC,
something that is both time consuming and need enough expert in case
of working with other time series forecasting approaches. The auto-
matic process of this technique is an asset since the numbers of involved
parameters are very high and manually adjusting all of these para-
meters is not an easy task to accomplish. The other subject that was
investigated in this study was chronic cancer risk assessment due to
inhalation of benzene by both deterministic and probabilistic methods.
It was concluded that the children are at higher risk than that of adults
and despite the considerable decrease of benzene which exhibited by
time series analysis, a significant number of inhabitants are still at an
immediate risk. In addition, due to high uncertainty associated with
input parameters, probabilistic technique may be a more realistic
method for health risk assessment than that of deterministic approach.
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