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A B S T R A C T

Fluctuations of ambient fine particulate matter (PM2.5) concentrations show clear yearly and weekly patterns,
which has been revealed by previous studies. However, reliability of those studies may be affected by their small
research areas, short observation periods, and/or the lack of using specialized statistical approaches for time
series. The current study applies a recently developed time-series analysis procedure, Prophet, to investigate
seasonality of daily PM2.5 concentrations over nine years (2007–2015) measured at 220 monitoring stations
across the United States. Prophet is a new tool for producing high quality forecasts from time series data that
have characteristics of multiple temporal patterns with either linear or non-linear growth/decline. Through
decomposing each PM2.5 time series into three major components (i.e., trend, seasonality, and holidays), we
observed periodically changing patterns of PM2.5 concentrations weekly and yearly consistent with previous
findings. Specifically, relatively high PM2.5 concentrations tend to appear in the month of January and on
Fridays, and PM2.5 concentrations on Sunday are generally lower than those on most other days of the week.
However, we discovered that high PM2.5 concentrations are also likely to appear in July. Additionally, compared
to Fridays in most studies, the highest PM2.5 concentrations are found to more likely occur on Saturdays, while
the lowest concentrations are found on Monday as universally as on Sunday. Beyond understanding the sea-
sonality of PM2.5 concentrations, this study revealed the potential use of Prophet, originally designed for
business time series, for detecting periodicities of environmental phenomena.

1. Introduction

Ground-level ambient fine particulate matter (PM2.5) concentrations
are sensitive to meteorological factors (e.g. air temperature and relative
humidity) (Dawson et al., 2007; Wang and Ogawa, 2015) and human
activities (e.g. industrial production and transportation) (Bao et al.,
2016; Song et al., 2006), and tend to demonstrate day-of-week and
seasonal variations (Russell et al., 2004; Lough et al., 2006). Under-
standing the temporal trends is of critical importance to accurately
forecast PM2.5 concentrations and to mitigate human PM2.5 exposure.
Many studies have explored the seasonal patterns of PM2.5 (e.g. Gehrig
and Buchmann, 2003; Motallebi et al., 2003; DeGaetano, and Doherty,
2004; Eiguren-Fernandez et al., 2004; Russell et al., 2004; Vecchi et al.,
2004; Zheng et al., 2005; Lough et al., 2006; Zhao et al., 2009), yet
most have apparent shortcomings due to either limited spatial or tem-
poral factors.

First, although a few studies measure PM2.5 concentrations at higher
temporal resolution (e.g. 5 min intervals in Russell et al. (2004) and
Zhao et al., 2009), the full temporal spans of the studies are not suffi-
ciently long to reveal the long-term seasonality (mostly shorter than
three years) (e.g. Eiguren-Fernandez et al., 2004; Russell et al., 2004;
Vecchi et al., 2004; Zheng et al., 2005; Lough et al., 2006; Zhao et al.,
2009; Wang et al., 2015; Wang et al., 2016; Zhang et al., 2015). Second,
most of the studies often focus on a small geographic area, e.g. one city
(Vecchi et al., 2004; Zheng et al., 2005; Song et al., 2006; Zhao et al.,
2009; Wang et al., 2015, 2016; Zhang et al., 2015) or one state
(Motallebi et al., 2003; Eiguren-Fernandez et al., 2004) and use in situ
PM2.5 concentrations from a limited number of monitoring sites in the
given cities or states. However, it has been demonstrated that the in-
fluence of meteorological factors on PM2.5 concentrations varies across
different regions, either showing inconsistent or contradictory re-
lationships by region (Tai et al., 2010; Liu et al., 2017). Thus,
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conclusions obtained from studies on small areas may not be re-
presentative of general patterns over larger geographic areas yet pro-
vide important information for the given city or state.

A few studies have been conducted to explore seasonal variations in
PM2.5 concentrations across large areas (e.g., in 187 counties of the
United States (U.S.) by Bell et al. (2007) and in 31 Chinese cities by Xie
et al. (2015)), and seasonal patterns in those studies were obtained by
averaging PM2.5 concentrations measured within the same season (or
month). Thus, the last but perhaps most crucial shortcoming in many
PM2.5-seasonality studies is the lack of using advanced statistical
methods to handle the time series PM2.5 data. With the use of averaging
procedures to process insufficiently long time-series data, important
outliers such as those generated by fires, extreme weather, and gross
errors are very likely to radically affect seasonal patterns of PM2.5

concentrations (Chen and Liu, 1993).
The conventional time-series analysis methods (e.g., the commonly

used ARIMA (Autoregressive Integrated Moving Average) model),
usually work well under regularized trends but are prone to generate
large errors when changes happen in the trends (Brockwell and Davis,
2016). Niu et al. (2016) and Wang et al. (2017) pointed out that such
conventional linear time series approaches are insufficient to model
complex changes of PM2.5 concentrations. Most recently, Facebook
developed a new time-series forecasting model, namely Prophet, and
synchronously released a cognominal open source package (available
both for R and Python) to facilitate implementation of the model
(Taylor and Letham, 2017). Differing from traditional exponential
smoothing models such as Holt Winters and ARIMA, the Prophet adopts
a generalized additive model to fit the smoothing and forecasting
functions. The fitting procedure of the Prophet is fast, allowing analysts
to interactively and flexibly explore different model specifications.
Besides the robust forecasting function, Prophet also excels at proces-
sing daily periodicity data with large outliers and shifts in trends and
can model multiple periods of seasonality simultaneously.

The major objective of this study is therefore to explore the weekly
and yearly seasonality of PM2.5 concentrations over the U.S. using the
Prophet time-series forecasting model. A daily PM2.5 concentration
dataset spanning nine years (2007–2015) was used to ensure sufficient
cycles of seasonality in a time series analysis. These PM2.5 concentra-
tions were collected by in situ measurements from 220 monitoring
stations that cover all geographic and climate zones in the U.S. (see
Figs. 1 and 2 for station locations).

2. Data and methods

2.1. PM2.5 data and preprocessing

The daily in situ PM2.5 concentration records for 2007–2015 were
retrieved from the U.S. Environmental Protection Agency (EPA)
(http://aqsdr1.epa.gov/aqsweb/aqstmp/airdata/download_files.html,
last access April 5, 2018). Each daily record is the average of all sub-
daily measurements taken at one station (United States Environmental
Protection Agency, 2015). The records were collected by 2431 mon-
itoring stations, yet a considerable portion of the stations do not pro-
vide continuous daily measurements for the nine years. Although the
Prophet is robust at handling missing data (Taylor and Letham, 2017),
lacking numerous daily records in one station is still likely to reduce
accuracy of the time series analysis. Additionally, the PM2.5 record
contains an attribute of “event type”, indicating whether data were
measured when exceptional events (typically wildfires) were occurring
(United States Environmental Protection Agency, 2015). Occurrence of
the exceptional events usually results in abnormal PM2.5 concentrations
(Wegesser et al., 2009). Thus, any individual record flagged as “events
included” was removed from the PM2.5 time series and the slot corre-
sponding to the removed record was re-labelled as “data missing”.
Eventually, we utilized only the time-series PM2.5 records with at least
five complete yearly cycles or data missing rates less than 11.11% (1/

9). Accordingly, 220 of the 2431 monitoring stations throughout 45
states as well as the District of Columbia, were used for the analysis (See
Figs. 1 and 2). Following Liu et al. (2017), we divided the daily records
from the 220 monitoring stations into four seasons (i.e., spring: March,
April, May; summer: June, July, August; fall: September, October, No-
vember; and winter: December, January, February) and averaged the
daily PM2.5 concentrations for each day of the week. Fig. 3 clearly il-
lustrates that PM2.5 concentrations are higher in winter and summer
while lower in spring and fall. Additionally, PM2.5 concentrations are
the highest on Saturday and Friday and the lowest on Sunday and
Monday in each of the seasons except fall. This preliminary assessment
reveals the possible day-of-week and seasonal effects in PM2.5 con-
centrations in the U.S., yet more detailed and reliable analyses are
warranted using a statistical time-series analysis procedure.

2.2. Seasonal decomposition

Prophet was originally designed to smooth and forecast daily busi-
ness data and fully considers three basic features of business time series,
i.e. piecewise trends, multiple seasonality, and floating holidays. Thus,
a time series can be decomposed by the Prophet into three major
components of trend, seasonality, and holidays, as well as an error term
(Taylor and Letham, 2017). Previous studies have demonstrated that
PM2.5 concentrations significantly increase during holidays (e.g.
Thanksgiving, Christmas, and New Year) (Motallebi, 1999; Gorin et al.,
2006; Feng et al., 2012). Hence, it is necessary to set up an individual
component for holidays when studying seasonal patterns of PM2.5

concentrations. In the current study, Thanksgiving, Christmas, and New
Year's Day were set as holidays, as well as the two days before and after
each holiday, which provide predictable ‘spikes’ in PM2.5 concentra-
tions that do not follow either of the common periodic (day-of-week or
seasonal) patterns (Motallebi, 1999; Gorin et al., 2006; Feng et al.,
2012).

Prophet adopts a Bayesian-based curve fitting method to smooth
and forecast time-series data, which is the most distinct feature of
Prophet as compared to the traditional time-series forecasting models
such as Holt Winters, ARIMA, among others. In other words, the
Prophet utilizes several linear and/or non-linear functions to fit the
decomposed components, with time as the only regressor. Compared to
traditional exponential smoothing models, Prophet can more easily
handle temporal patterns with multiple periods and has no require-
ments on regularly spaced measurements (Taylor and Letham, 2017).
Given that missing PM2.5 values are prevalent in the U.S. EPA's dataset,
these features make Prophet particularly suitable to reveal the weekly
and yearly seasonality simultaneously from the daily time series PM2.5

concentration records.
The periodic effects in Prophet are modeled by Fourier series

(Harvey and Shephard, 1993):
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where P represents the regular period that the time series is expected to
have (e.g. 365.25 and 7 for yearly and weekly periods, respectively
(Taylor and Letham, 2017)) and t denotes a date. Thus, the basis of
fitting the seasonal model is to determine the value of N and then de-
termine the 2×N parameters, i.e. β=[a1, b1; …; aN, bN]T. Shortening
the time series at N can be deemed as a low-pass filter. Hence, large
values of N are appropriate to fit seasonal patterns with quick changes,
yet an over-large N is prone to lead to overfitting (Taylor and Letham,
2017). In this study, we utilized the default values of the Prophet for N
(i.e. N=10 and N=3 for modelling yearly and weekly components,
respectively) that were empirically demonstrated to work well for most
practical issues that follow yearly and weekly patterns (Taylor and
Letham, 2017). Equation (1) can then be adapted to form Equations (2)
and (3), and the 2×N parameters (i.e., β) can be fitted by L-BFGS
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(Limited-memory Broyden-Fletcher-Goldfarb-Shanno) (Byrd et al.,
1995):
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In the current study, we focused on investigating yearly and weekly
variation in PM2.5 concentrations and thus skipped formulation details
on the trend and holiday components. Those details have been elabo-
rately exhibited in the paper of Taylor and Letham (2017).

2.3. Analyses on the decomposed seasonal component

The yearly and weekly seasonality of PM2.5 concentrations at each
of the 220 monitoring stations are described by two curves. We divided
each month into three phases, i.e. early (the 1st day to the 10th day),

Fig. 1. The periods with the highest (a), the second highest (b), the lowest (c), and the second lowest (d) PM2.5 concentrations at 220 monitoring stations. Time of
season for each concentration maxima or minima mapped for each station are listed in Fig. 4.
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middle (the 11th day to the 20th day), and late (the 21st day to the last
day of the month), and thus there are 36 (3×12) periods (e.g. early
January, mid-June, and late November) for the one-year cycle. From
each of the day-of-year curves, we labelled all dates with local max-
imum and minimum PM2.5 concentrations. If two or more local max-
imums (minimums) are located in one period, we only retained the first
maximum (minimum) and deleted the others. Next, for each of the
monitoring stations we ordered the dates by their PM2.5 concentrations
and selected four periods, including the dates with the two highest and
the two lowest PM2.5 concentrations. Finally, we summed the number
of monitoring stations with the highest and lowest PM2.5 concentrations

for each of the 36 periods (see Fig. 4). Similarly, based on each of the
day-of-week curves, we ordered the days by their PM2.5 concentrations
and determined the four days with the two highest and the two lowest
PM2.5 concentrations for each of the monitoring stations. We then
summed the number of monitoring stations with the highest and lowest
PM2.5 concentrations for each of the seven days (see Fig. 5).

Chi-Square Goodness-of-Fit tests were performed to investigate
whether the highest and the lowest PM2.5 concentrations unevenly
appear within particular periods/seasons of the year and day of week.
The specific null hypothesis is that the highest (or the lowest) PM2.5

concentrations equally appear in different periods or days among the

Fig. 1. (continued)
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220 monitoring locations.
A Durbin-Watson test was conducted to examine whether residuals

(i.e. the error term) are auto-correlated for each of the 220 time series.
The null hypothesis of the Durbin-Watson test is that the error term in
one time stamp is independent with the preceding error term. Serially
dependent residuals usually suggest an inadequate time series model
(StatSoft, 2011). Thus, the Durbin-Watson test can inform whether the
Prophet adequately decomposed the PM2.5-concentration time series to
obtain reliable seasonality.

A number of previous studies (e.g. Bagan, and Yamagata, 2015;

Dobson et al., 2000; Hardin et al., 2018; Sutton et al., 2001; Sutton
et al., 2010) have demonstrated that brightness of nighttime lights
(NTL) observed by satellites is a good indicator of population density
and can be used to delimit urban extents. In general, a region with
brighter NTL usually has a larger population and is located closer to an
urban center (Bagan and Yamagata, 2015). Thus, we extracted bright-
ness of NTL at each of the 220 monitoring stations from the latest NTL
image product, i.e. the version 1 Visible Infrared Imaging Radiometer
Suite (VIIRS) Day/Night Band (BND) image composite for 2015
(Elvidge et al., 2017) (see Figure S1 for the NTL image product). Four

Fig. 2. The day-of-week with the highest (a), the second highest (b), the lowest (c), and the second lowest (d) PM2.5 concentrations at 220 monitoring stations. The
total number of stations at each concentration maxima or minima mapped are listed in Fig. 5.
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one-way ANOVA tests were conducted to examine if stations with the
highest or the lowest PM2.5 concentrations during a given period of the
year or a day of week correspond to significantly different brightness of
NTL. These differences in brightness of NTL imply that the seasonal
patterns of the PM2.5 concentration are influenced by geographic var-
iation present between populated urban areas versus sparsely populated
rural areas. Specifically, we divided a calendar year into five periods: 1)
July and August and 2) late November to late January when the highest
PM2.5 concentrations are likely to appear, 3) late March to early May
and 4) late September to late October when the lowest PM2.5 con-
centrations tend to appear, and 5) the remaining dates (see Fig. 4). We

then performed two ANOVA tests, with the null hypothesis that
brightness of NTL is equal among the five groups of monitoring stations
with the highest or lowest PM2.5 concentrations appearing in the five
periods. Similarly, another two ANOVA tests were performed with the
null hypothesis that brightness of NTL is equal among the five groups of
monitoring stations with the largest or lowest PM2.5 concentrations
appearing in seven different days of week.

Fig. 2. (continued)
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3. Results

3.1. Decomposed components

Decomposed components of PM2.5 time series for the 220 stations
are available from GitHub (https://github.com/thestarlab/pm25-time-
series). Of the 220 Durbin-Watson tests, zero was rejected at the 0.01
level, suggesting that the Prophet adequately decomposed the PM2.5

concentration time series and the changing patterns observed from the
decomposed seasonal components are reliable (StatSoft, 2011). Fig. 6
shows a PM2.5 time series at a monitoring station in Tulsa, OK (N
36.2049°, W 95.9765°), which was randomly selected from the 220
stations for example purposes. From the original PM2.5 concentration
time series, large seasonal fluctuations and a general decreasing trend
can be discerned even though the trend is not fully clear. Fig. 6 also
exhibits the estimated PM2.5 concentrations by the Prophet model. An
estimated PM2.5 concentration is the sum of values of the trend,
holiday, weekly, and yearly components at a given time. These com-
ponents are shown by Fig. 7, from which an apparently decreasing
trend in PM2.5 concentrations can be observed over the nine years.
Moreover, a change happened in 2011, displaying that the decreasing
rate from 2007 to 2011 is smaller than that from 2011 to 2016. The
holiday component indicates that PM2.5 concentrations at this site are
exceptionally larger at Christmas and New Year's than usual. The day-
of-week curve exhibits the PM2.5 concentration to steadily increase
from Monday to Saturday and sharply fall from Saturday to Sunday,
followed by a slight decrease to reach the lowest levels on Monday. The
day-of-year curve shows three relatively large local maximums in early
April, early July, and mid-December and three apparent local minima
in early January, early May, and mid-October. The above results for
Tulsa, OK substantiate that within the varied trends, significant in-
creases occur during the holidays, and multiple seasonality exist in the

long-term PM2.5 time series. Thus, the traditional exponential
smoothing models (e.g. ARIMA) are not fairly suitable to tease out such
complex and nonlinear time series data (Niu et al., 2016; Wang et al.,
2017).

3.2. Characteristics of the yearly and weekly seasonality

The null hypotheses of all the Chi-Square Goodness-of-Fit tests in
this study were rejected at the 0.01 level, indicating that the highest
and the lowest PM2.5 concentrations unevenly appear within different
periods and on different days. Figs. 1 and 3 shows that the highest
PM2.5 concentrations are more likely to appear in January and July, on
average across the U.S. The second highest PM2.5 concentrations also
tend to appear in the same two months, as well as August, late No-
vember, and early December. In short, during a yearly cycle the highest
PM2.5 concentrations are more likely to appear in wintertime and
summertime. On the contrary, the lowest PM2.5 concentrations tend to
appear in the spring (from late March to early May) and the fall (from
late September to late October) (see Figs. 2 and 4).

California, New York, and Massachusetts have a relatively large
number of PM2.5 monitoring stations with relatively complete daily
PM2.5 measurements compared with the other states. It can be seen
from Fig. 1a and b (1c and 1d) that the phenomenon of the highest
(lowest) PM2.5 concentrations in the winter or summer (fall or spring)
exists not only in the three mentioned states, but in the majority of the
remaining states as well. We observed that 33% of the monitoring
stations from 18 states presented the highest PM2.5 concentrations in
January. Further, 40% of the stations from 25 states showed the second
highest concentrations between late November and early February. We
also found that the highest PM2.5 concentrations appear in the summer
period from June 21st to July 20th at 30% of the sites within 27 states.
Additionally, 76 monitoring stations from 30 states presented the

Fig. 3. Average PM2.5 concentrations and confidence intervals (at the 95% confidence level) of the 220 monitoring stations for the same days of the week in four
seasons.
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second highest PM2.5 concentrations in the hottest two months of the
U.S. (i.e. July and August) (see Figs. 1 and 3). On the contrary, 37%
(30%) of the monitoring stations from 18 (24) states presented the
lowest (second lowest) PM2.5 concentrations in the spring (i.e., from
late March to early May) and 17% (30%) of the sites from 20 (18) states
presented the lowest (second lowest) PM2.5 concentrations in the fall
(i.e., from late September to late October). Thus, the yearly seasonality
(i.e., high PM2.5 concentrations in winter and summer and low PM2.5

concentrations in spring and fall) is a widespread pattern but not a
regional phenomenon.

It can be seen from Fig. 4 that the highest PM2.5 concentrations are
most likely to appear on Saturday in a weekly cycle, and most unlikely
to appear on Monday and Sunday. Conversely, the lowest PM2.5 con-
centrations are most likely to appear on Monday and Sunday, and most
unlikely to appear in Saturday and Friday. Similar with the yearly
seasonality, the above day-of-week changing patterns extensively exist
across different geographic regions of the U.S. (see Fig. 2). Specifically,
we observed that 35% of the monitoring stations from 23 states pre-
sented the highest PM2.5 concentrations on Saturday while only 16% of
the monitoring stations from 14 states presented the highest PM2.5

concentrations on Friday. We also found that the highest PM2.5 con-
centrations appear on Monday at 38% of the sites from 23 states while
occur on Sunday at nearly the same percentage (35%) of the sites from
26 states.

4. Discussion

4.1. Comparison with the previous findings

The highest PM2.5 concentrations are observed during wintertime in
many previous studies (e.g. Gehrig and Buchmann, 2003; Eiguren-
Fernandez et al., 2004; Zheng et al., 2009; Gu et al., 2011; Xu et al.,
2012). The large increase in wood and coal combustion for heating is
the major reason leading to the appearance of the highest PM2.5 con-
centrations in wintertime in many regions (Gehrig and Buchmann,
2003; Gorin et al., 2006; Zheng et al., 2009; Gu et al., 2011). In the
current study, day-of-year curves for the 220 monitoring stations
showed that 81% of the 220 curves have, at least, two peak values, one
in the wintertime (i.e. December and January) and the second in the
summertime (i.e. July and August). Differing from the major reason
resulting in the high PM2.5 concentrations in wintertime, the high PM2.5

concentrations in summertime are often associated with days or periods
of enhanced temperature –– as shown by (Tai et al., 2010; Liu et al.,
2017; Vanos et al., 2015) –– that often pair with high pressure, low
winds, and stagnant air (e.g., hot dry air masses), thus trapping in
particulate matter and other pollutants (Greene et al., 1999; Dixon
et al., 2016). Additionally, the large increases in tourists and conse-
quently uses of motor vehicles in the summertime are also likely to
contribute to the high PM2.5 concentrations (Zheng et al., 2005;
Martellini et al., 2012).

Previous studies nearly consistently reported that the weekly max-
imal PM2.5 concentrations appear in the late of workweek (i.e. Friday)

Fig. 4. The number of stations with the highest or the lowest PM2.5 concentration appearing during a given period of the year.
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and the minimum occurs on weekends (especially Sunday) (Motallebi
et al., 2003; Lough et al., 2006). In urban areas, motor vehicles are the
primary emission sources of PM2.5 (Pongpiachan et al., 2015). The
decrease in the use of motor vehicle and especially heavy-duty trucks is
likely the major reason leading to the relatively low PM2.5 levels on
weekends in the current study as well as others (Motallebi et al., 2003).
However, the current study shows that at more selected stations the
highest PM2.5 concentrations occur on Saturday and the lowest PM2.5

concentrations can be found on both Monday and Sunday (see Fig. 4).
Previous studies (e.g. Huang et al., 2014; Gentner et al., 2017) have
demonstrated that contributions of the secondary organic and inorganic

aerosol to total PM2.5 concentration are larger than those of primary
particulate emissions. Formation and accumulation/diffusion of the
secondary PM2.5 pollutants are complex chemical reactions in the at-
mosphere and are affected by many meteorological factors (e.g. wind
speed and relative humidity) respectively, thus need certain time period
to form (Gao et al., 2015). The previous studies did not demonstrate a
clear and consistent time of forming the secondary PM2.5 pollutants.
The new findings in this study suggest that a one-day lag extensively
exists between effects of human activities and changes in total PM2.5

concentrations in the U.S. During a weekly cycle, accumulation of the
primary particulate emissions reaches maximum on Friday, yet the

Fig. 5. The number of stations with the highest or the lowest PM2.5 concentration appearing on a day.

Fig. 6. The original PM2.5-concentration time series (black
points) collected from a monitoring station in Tulsa, OK and
the means of estimated PM2.5-concentration time series (dark
blue line) at the 95% confidence interval (light blue area).
The estimated PM2.5 concentration is the sum of values of the
trend, holiday, weekly, and yearly components at a given
time. (For interpretation of the references to colour in this
figure legend, the reader is referred to the Web version of this
article.)
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secondary PM2.5 pollutants contribute to the highest levels on Saturday.
On Sunday, the number of human's industrial production and travel
activities reaches the lowest (Motallebi et al., 2003). After a night's
diffusion and absorption, the concentration of PM2.5 in the early
morning of Monday are lower than that in the day of Sunday
(DeGaetano and Doherty, 2004). As stated in the Data and Methods
section, each daily record used for the time-series analysis is the
average of all sub-daily measurements taken at one station. Therefore,
even though human's industrial production and travel are restarted in
the daytime of Monday, most secondary PM2.5 pollutants are not
formed immediately which leads to the average PM2.5 concentration of
Monday is still lower than that of Sunday at a considerable number of
monitoring stations.

4.2. Spatial patterns of the PM2.5 seasonality

Figures S1 and S2 shows that the 220 selected monitoring stations
are scattered in rural (brightness of NTL:< 1 nW cm−2 sr−1), suburban
(brightness of NTL: ≥ 1 nW cm−2 sr−1 and ≤30 nW cm−2 sr−1), urban
(brightness of NTL:≥ 31 nW cm−2 sr−1 and≤100 nW cm−2 sr−1), and
urban core (brightness of NTL:> 100 nW cm−2 sr−1) areas of the U.S.
(Sutton et al., 2010). However, the varied locations of the monitoring
stations at the metropolitan scale (i.e., from rural to urban core areas)
do not generate significant influences on the seasonal or day-of-week
changing patterns of the PM2.5 concentration as no ANOVA test was
rejected at the 0.01 level.

The weekly changes of PM2.5 concentrations are mainly affected by

Fig. 7. The decomposed components of a randomly selected PM2.5-concentration time series for Tulsa, OK. Note that for the day-of-year curve, we only labelled the
most prominent (but not all) local maximums and minimum for esthetical reasons.
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the human activities (e.g. industrial production and traffic) (Motallebi
et al., 2003; Pongpiachan et al., 2015), and human activities (e.g.
working in workdays and resting in weekends) are nearly the same
across the U.S. By contrast, the yearly fluctuations of PM2.5 con-
centrations are considerably impacted by meteorological factors (Tai
et al., 2010; Liu et al., 2017). Hence, at the larger geographic scale,
varied climatic situations are likely to lead to the highest PM2.5 con-
centrations occurring in different periods across the U.S.

In this study, the 220 monitoring stations throughout 45 states as
well as the District of Columbia. Within the 45 states, California has the
most (39) monitoring stations. The influence of the Pacific Ocean
moderates temperature extremes, resulting in warmer winters and re-
latively cooler summers in the coastal areas of California. The relatively
small increases in temperature lead to relatively small increases in
PM2.5 concentrations in summertime (Liu et al., 2017). Thus, it can be
seen from Fig. 1 that at most of the stations located in California,
especially in northern California, the highest PM2.5 concentrations
occur in January and the second highest PM2.5 concentrations also
appear in the cold periods (e.g. December or late November), but the
highest PM2.5 concentrations are rare to appear in summertime. How-
ever, at a few monitoring stations located in Los Angeles or in National
Parks of central and southern California (e.g. Joshua Tree National Park
and Death Valley National Park), the highest and/or the second highest
PM2.5 concentrations appear in the periods from June to August (see
Fig. 1a and b). The large increases in tourists and consequently motor
vehicles in summer are likely to be a reason leading to the occurrence of
the highest PM2.5 concentrations in the summertime. Additionally,
southern California's winters are warm and thus it does not need to
burn much wood for heating in winters. This may be another reason for
the highest PM2.5 concentrations in some of the southern California
stations appearing in the summertime but not wintertime. As stated in
the methods, records with exceptional events were removed from the
time series; thus, wildfires and dust mainly brought by the Santa Ana
winds (Viswanathan et al., 2006; Wu et al., 2006) cannot significantly
affect the PM2.5 seasonality revealed in the current study. In brief, the
above spatial patterns suggest that the yearly seasonality of PM2.5

concentrations is considerably affected by both natural forces and an-
thropologic activities.

5. Conclusions

The simultaneous analyses on the day-of-week and seasonal patterns
of PM2.5 concentrations across a larger spatiotemporal (nine years and
220 sites over the U.S.) scope are some distinct advantages of the
current study as compared to previous similar studies. In particular, the
use of the Prophet mitigates adverse impacts of common problems in
time-series data (e.g. data missing, changed trends, and unexpected
outliers) on analyses of periodicities. However, the large study scale
limits the detailed investigation of periodic changes of individual PM2.5

components (e.g. organic carbon, elemental carbon, and oxides of ni-
trogen) at each site. This is because of the 2431 PM2.5 monitoring
stations of the U.S. EPA, only less than 10% of the stations can provide
continued daily measurements on total PM2.5 concentrations for our
given study period (i.e. 2007–2015). Even fewer stations can provide
complete and continued daily measurements of individual PM2.5 com-
ponents. Thus, if we further advance investigation on seasonality of
individual PM2.5 components, many geographic or climate zones will
not have any qualified PM2.5 time-series data.

Through analyzing the PM2.5 time series at 220 stations over the
U.S., we obtained novel findings, whereby in addition to high winter-
time concentrations, high PM2.5 concentrations were shown to also
reach yearly maximums in summertime across the U.S. Additionally,
compared to Friday, the weekly PM2.5 maximum is more likely to ap-
pear on Saturday, while the minimum is likely to appear on not only
Sunday but also Monday. Beyond the findings, this study substantiates
the feasibility and advantages of the Prophet, which was originally

developed for business time series, in detecting periodicities of en-
vironmental phenomena. In the future, we will further use the Prophet
to forecast concentrations of air pollutants and compare forecasting
accuracy with currently prevalent deep-learning methods such as the
long short-term memory recurrent neural network (e.g., Sak et al.,
2014).

Appendix A. Supplementary data

Supplementary data related to this article can be found at https://
doi.org/10.1016/j.atmosenv.2018.08.050.
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