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Abstract: This paper analyzes the PM10 concentrations and influences of atmospheric condition (AC)
and land coverage (LC) on a high-pollution megacity (Bogota, Colombia) from a public health view-
point. Information of monitoring stations equipped with measuring devices for PM10/temperature/
solar-radiation/wind-speed were used. The research period lasted eight years (2007–2014). AC and
LC were determined after comparing daily PM10 concentrations (DPM10) to reference limits pub-
lished by the World Health Organization (WHO). ARIMA models for DPM10 were also developed.
The results indicated that urban sectors with lower atmospheric instability (AI) had a 2.85% increase
in daily mortality (DM) in relation to sectors with greater AI. In these sectors of lower AI, impervious
LC predominated, instead of vegetated LC. An ARIMA analysis revealed that a greater extent of
impervious LC around a station led to a greater effect on previous days’ DPM10 concentrations.
Extreme PM10 episodes persisted for up to two days. Extreme pollution episodes were probably also
preceded by low mixing-layer heights (between 722–1085 m). The findings showed a 13.0% increase
in WHO standard excesses (PE) for each 10 µg/m3 increase in DPM10, and a 0.313% increase in DM
for each 10% increase in PE. The observed average reduction of 14.8% in DPM10 (−0.79% in DM)
was probably due to 40% restriction of the traffic at peak hours.

Keywords: ARIMA; atmospheric condition; Bogota; daily mortality; land coverage; PM10

1. Introduction

The increase of respiratory and cardiovascular diseases in children and elderly gen-
erated by urban air pollution is strongly related to an increase of particulate material
(PM) concentrations [1,2]. The impacts of PM on human health are associated with a re-
duction of the cardiopulmonary functions and increased mortality from cardiovascular
disease, the occurrence of asthma in children, and cancer risk [3,4]. Some researchers have
reported that diseases such as bronchitis and chronic asthma are directly correlated with
PM pollution [5]. In a European study on atmospheric pollution and its effects on public
health, it was reported that an increase of 50 µg/m3 in PM10 concentration could cause
an increase of 2.10% in the daily mortality (DM) of 15 cities in Western Europe [6]. In
Chinese megacities (Guangzhou, Wuhan, and Chongqing) and with support from the U.S.
Environmental Protection Agency (U.S. EPA), research was conducted on the effects of air
pollution on respiratory health. After several years of follow-up, it was determined that
PM10 concentration was directly related to the rate of infantile pulmonary dysfunction [7].

In Colombia, air pollution has been associated with morbidity and mortality outcomes.
In a recent study, rates of emergency department visits for respiratory and circulatory
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diseases in four of the five major Colombian cities during 2011–2014 were linked with
gas pollutants and PM concentrations. An increase in 10 µg/m3 of PM10 or 5 µg/m3 of
PM2.5 was associated with an increase of 8.0% in respiratory diseases in children less than
10 years old and 5.0% increase in cardiovascular diseases in the elderly [8]. For Bogota, a
time series study in the 1998–2006 period observed an increase of 0.71% of mortality for all
causes and 1.43% for respiratory outcomes for an increase of 10 µg/m3 of PM10 [9].

The urban increase of PM is principally related to growth in the number of vehicles
and the grouping of industrial activities [10]. Because of this, many Latin American coun-
tries have resolved to strengthen urban PM monitoring to regulate this air pollutant [11,12].
Hence, the analysis of a likely relationship between urban PM and the dominant atmo-
spheric condition (AC) becomes crucial from a perspective of public health. The land
coverage (LC) typologies of the research site must be known in order to perform such an
analysis. For example, some researchers observed that the transport and distribution of
PM depended considerably on AC and LC [13,14].

Studies have reported that AC plays a significant role in the PM10 dispersion and trans-
port, being significantly related to vertical temperature variation (thermal gradient) and wind
speed [15,16]. The latter variable also depends on the LC characteristics [17,18]. Related
to AC influence, some researchers reported for Seoul (Korea) that under extreme atmo-
spheric stability (AS) conditions the PM10 concentrations tended to increase significantly
(PM10 > 100 µg/m3) [19]. Studies in Milan (Italy) also reported an increase of 13% in PM10
concentrations under dominant conditions of nighttime AS, despite a decrease in the
emission sources (domestic heating, traffic, and industries) [20].

On the other hand, studies in urban sectors have also described an important influence
of LC on PM10 concentrations. For example, some researchers stated that the existence
of trees in Wuhan (China) decreased PM10 concentrations between 7–15% [14]. Similarly,
other studies observed a decrease of total PM (<100 µm) in Shanghai (China) by 30% [21].
Urban LC with trees functions as an effective remover of particulate and gaseous air
pollutants [22,23]. Though, the mineral sediment emitted by bare soils was recognized as
the air deterioration source in Central Europe cities (e.g., Zurich and Berlin) [24,25]. Some
researchers also observed in Granada (Spain) that more than 50% of PM10 belonged to
mineral sediment resuspended from urban roads and bare lands during dry periods [26].
Other studies reported in Lens (France) that 13% of average annual PM10 could be generated
from bare lands (sources of mineral sediment) [27]. Some researchers compared the PM
elimination capacity on different surfaces in Beijing [28]. These researchers observed that
urban woodland surface achieved the best PM elimination capacity due to its comparatively
low resuspension degree. They also noted that the PM elimination capacity of waterbodies
was higher than that of bare soils due its lower resuspension degree.

This research was conducted in a highly-polluted Latin American megacity (popula-
tion in 2019:10.7 million). Bogota (Colombia) is in a very large inter-montane valley in the
eastern Andes mountain range (04◦36′35′′ N–74◦04′54′′ W) at an average altitude of 2600 m
above sea level (masl). Its climate of tropical mountain is marked by large temperature
variations (maximum hourly variation = 12 ◦C). According to some studies, conditions of
daytime atmospheric instability (AI) are recorded due to the increase of solar radiation up
to midday and early afternoon [29]. During nighttime, wind speeds are very low, indicating
stable and neutral atmospheric conditions. In Latin America, Bogota has the third highest
PM pollution degree and the highest population density (26,000/km2) [30]. Therefore,
interactions among the degree of PM10 pollution, climate conditions, and the physical
characteristics of the city provided the impetus for the present research. Also, few studies
have assessed the PM10 behavior in megacities in developing countries with comparable
characteristics regarding pollution and altitude.

This paper aims to analyze, from a public health viewpoint, the PM10 concentrations
and influences of AC and LC on this high-pollution megacity. The research was developed
from hourly PM10 information between the years 2007–2014 from monitoring stations
placed throughout the city. This study will increase our knowledge about: (1) The status of
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air quality for the Latin American city with the third highest atmospheric pollution as com-
pared to the World Health Organization Guidelines; (2) the trend of PM10 concentrations
in megacities in developing countries, in this case, under high-altitude climate conditions;
and (3) the influences of AC and LC on PM10 concentrations in megacities.

2. Materials and Methods
2.1. Study Sites

Three monitoring stations were positioned in sectors Kennedy (S1), Barrios Unidos
(S2), and Suba (S3) in Bogota, Colombia. On average, tropical mountainous climates were
characterized at these research sites during the research period by showing a daily temper-
ature between 13.3–14.3 ◦C and wide temperature variations (hourly variation between
7.2–19 ◦C). Table 1 displays the main characteristics of the sectors of influence for each
station. All three stations were prepared with PM10 measuring devices, as well as devices
to measure temperature, solar radiation (RD), and wind speed (WS) and direction. All
stations were of background type. The stations considered in this research covered 21.9 km
of the city, compared to the 33 km that it has from north to south (Figure 1). The stations
were placed in sites with altitudes between 2577–2580 masl. During the research period in
Bogota (1 January 2007–31 December 2014), there was a restriction on vehicular movement
because of traffic congestion from Monday to Friday. This restriction, “pico y placa”,
prevented 40% of the city’s passenger vehicles (between 425,000–817,000) from circulating
between 6–9 a.m. and 3–7 p.m. [31]. Lastly, a PM10 emissions inventory in the city showed
that by 2014, the contributions were as follows: Mobile sources = 53.8%, industrial fixed
sources = 39.3%, commercial fixed sources = 4.74%, and forest fires = 2.22% [31].

Table 1. Physical characteristics of study sites.

Characteristics S1 (Kennedy) S2 (Barrios Unidos) S3 (Suba)

Coordinates 4◦37′30.18′ ′ N 74◦9′40.80′ ′ W 4◦39′30.48′ ′ N 74◦5′2.28′ ′ W 4◦47′1.52′ ′ N 74◦2′39.06′ ′ W
Altitude (masl) 2580 2577 2580

Average daily PM10 (µg/m3) a 85.9 40.0 34.9
Average annual rainfall (mm) a 521 1084 832

Average daily wind speed a 2.2 1.35 1.0
Prevailing wind direction a SW W SE

Average daily temperature (◦C) a 14.3 14.3 14.2
Type of zone Urban Urban Suburban
Land use b R-I-C R-IN-I R-IN

Land coverage:
Impervious/Vegetated/

Nonvegetated/Water-bodies (%) c
85.8/10.9/2.90/0.40 56.5/39.3/0.50/3.70 17.9/78.4/2.83/0.87

PM10 sampler location (m) d 7.0 4.6 4.0
Type of monitoring station Background Background Background

Population density
(Inhabitants/ha) 400 30 <1

Notes. a During the research period. b R = Residential, I = Industrial, C = Commercial, and IN = Institutional. c Within a 1600-m radius
with center in the monitoring station. d With respect to the land surface.

2.2. PM10 Sampling

The research period lasted eight years. This time interval was selected because
the sectors surrounding the stations displayed no significant changes in LC (impervi-
ous/vegetated/nonvegetated/waterbodies; see Table 1). Thus, during the research period,
the possible effects of the LC variation on AC (vertical gradient of temperature and WS)
in each sampling site were minimized. The hourly PM10 sampling was performed with
continuous beta-ray attenuation equipment (BAM/1020, Met One Instruments, Grants
Pass, OR, USA). The equipment used had a constant flow rate of 16.7 L/min. The lowest
detection limit of the equipment was 3.6 µg/m3 and 1.0 µg/m3 for hourly and daily pe-
riods, respectively. Resolution in the measurement was 0.24 µg in a range of 1 mg. The
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precision was ± 8% and ± 2% for hourly and daily periods, respectively. The research
protocol followed the recommendations set forth by U.S. Environmental Protection Agency
in EPA/625/R-96/010a-IO-1.2 [32].
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Figure 1. Location of monitoring stations in Bogota, Colombia (Google Maps, 2020). S1 = Kennedy,
S2 = Barrios Unidos, and S3 = Suba.

2.3. AC and LC Analysis

AC was determined at each station using the methodologies of Gifford, Turner, and
Pasquill with hourly information for RD and WS [33–35]. We analyzed the dominant
AC according to its hourly frequency following the methodology proposed by Cham-
bers et al. [18]. Non-normal distribution of AC data was calculated with Shapiro-Wilk
test (p-values < 0.001; df = 24) [36]. A Kruskal-Wallis test [36] to evaluate the differences
in hourly frequency between stations was used (df = 24, per station). Quantitative scale
developed by Zafra et al. to classify AC was used in this research [17]. This quantitative
scale assigned values between 1 and 6 to classify AC between stable and very unstable,
respectively.

Additionally, we studied the average variation (hourly and daily) of the mixing-layer
height (MLH) in Bogota from information provided by the Institute of Hydrology, Meteo-
rology, and Environmental Studies (IDEAM) of Colombia. This information was verified
from studies carried out in Bogota by Nedbor-Gross et al., Reboredo et al., and Kumar
and Rojas [37–39]. These studies used the Weather Research and Forecasting Model (WRF).
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Finally, Spearman’s coefficient [36] was used to evaluate the association between MLH, and
RD and WS. Linear regression models [36] were also developed between these variables.

To evaluate the LC type around each station, we drew on satellite images a box
of 10,240,000 m2 (diagonals of 3200 m), and whose center was located on each station
(QuickBird satellite of DigitalGlobe Inc., New York, NY, USA, 2.0-m resolution). Moreover,
to evaluate the spatial variation per LC type, boxes of different lengths in terms of diagonals
were plotted for each station (100/200/400/800/1600/3200 m). Previous studies on air
quality and LC were taken as procedural guides [17,23]. Four types of LC were considered
in this research: impervious = roofs/pavements/footpaths; vegetated = trees/grasslands;
nonvegetated = bare land; and waterbodies = rivers/lakes/wetlands. During the selected
PM10 monitoring period there was no LC variation.

2.4. Air Quality Standards Analysis

The selected standards to assess air quality in the research areas were Colombian Reso-
lution No. 610/2010 and WHO Air Quality Guidelines [40,41]. These standards established
the following maximum permissible levels for PM10:100 and 50 µg/m3 for a 24-h exposure
time. The exceedance frequencies of these maximum permissible levels during the whole
research period were analyzed for daily and monthly time scales. According to the daily
PM10 concentrations (DMP10), monthly quartiles (Q) were established to assess the public
health risk in relation to the reference legislation. Thus, the average daily concentrations
were calculated for each month and later the months were organized in order of precedence
according to their PM10 concentrations. In this research, Q1 quartile was assigned to the
three months that exhibited the highest PM10 concentration (greatest public health risk).
The quartiles Q2, Q3, and Q4 were assigned in groups of three months according to the
order of precedence for PM10 concentration. The Q4 quartile was assigned to the three
months of lowest PM10 concentration (lowest public health risk).

2.5. DM Analysis

The increase in DM associated with PM10 for the predominant LC types in the research
areas was calculated. This calculation was based on the guidelines established by the study
of Blanco-Becerra et al. in Bogota and WHO [9,41]. The results of studies at global level
suggested that the public health risks associated with short-term exposures to PM10 were
probably similar in cities in developed and developing countries, with an increase in
DM around 0.50% for each increase of 10 µg/m3 in DPM10 [41]. Blanco-Becerra et al.
observed in Bogota an increase of 0.71% in DM for each increase of 10 µg/m3 in DPM10 [9].
Thus, in our study we assumed an increase in DM of 0.71%. These increases in DM were
calculated from the maximum 24-h limit for PM10 established by WHO (50 µg/m3). We
also compared the increase in DM from the monthly classification proposed by quartiles to
study the exposure risk to PM10. During all previous analyses, the influence of AC was also
considered. Non-normal distribution of DM data was calculated with Shapiro-Wilk test
(p-values < 0.039) [36]. Finally, Spearman’s coefficient [36] was used to study the association
between DPM10 and the excess percentage (PE) relative to the daily WHO limit. This
coefficient was also used to evaluate the association between PE and DM. Linear regression
models [36] were also developed between these variables.

2.6. PM10 Information Analysis

Hourly variation in PM10 concentrations for all stations was studied from average
values for the whole research period (n = 24, per station). DPM10 variation was studied
from the 24-h moving average [36]. Non-normal distribution of PM10 data was calculated
with Shapiro-Wilk test (p-values < 0.048) [36]. A Spearman’s correlation analysis [36] to
study relations in the hourly and daily PM10 concentration between stations was performed.
Moreover, the variation of PM10 concentrations at each station was assessed using standard
deviation (SD) [36]. All statistical analyses were carried out using IBM-SPSS V.21® software.
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A graphical contrast between the hourly variation of average PM10 concentrations
and average AC was performed to evaluate the influence of the PM10 emission cycles from
industries and motor vehicles across the whole research area. A Spearman’s correlation
analysis [36] was also used to analyze possible relationships between these variables.
Hourly and daily PM10 of stations situated in sectors with mainly impervious LC (S1) was
compared with the PM10 of stations situated in sectors with mainly vegetated LC (S3). The
previous analysis also considered the dominant AC in relation to the LC type.

The average difference in DPM10 was determined between the following periods: (1)
Monday and Friday, and (2) Saturday; to evaluate the effect of vehicle traffic restriction
from Monday to Friday (between 6–9 a.m. and 3–7 p.m.) on PM10 concentrations during
the whole research period. This analysis was carried out from the following considerations:
(1) The restriction from Monday to Friday was mainly for private vehicles. On average,
this vehicle category represented during the research period 68% of the total number
of vehicles in Bogota [31]. (2) We assume a uniform distribution in the industrial and
commercial activity of Bogota between Monday and Saturday. The weekly hours worked
per worker in Colombia during the research period were between 48.3–49.0 (between
Monday and Saturday 8.11 h per day). The weekly average for the member countries
of the Organization for Economic Co-operation and Development (OECD) during this
same period was 38.5 h [42]. (3) Mobile sources contributed during the research period
between 55.0–56.5% of PM10 in Bogota [31]. The effect of this measure by traffic congestion
in relation to AC and LC was also studied in each station.

We also developed Autoregressive Integrated Moving Average (ARIMA) models to
evaluate the variation of PM10 concentrations in relation to AC and LC. Hourly PM10
information was added each day to the analysis (24-h moving average). The method
for obtaining the models was based on the following studies on air quality: Zafra et al.,
Taneja et al., and Díaz-Robles et al. [17,43,44]. We considered the stages of Box-Jenkins’
iterative process [45]. These stages were executed using IBM-SPSS V.21® software. Lastly,
the persistence and variability of DPM10 was assessed against the magnitude in the AR
and MA terms of the generated models, respectively [46].

3. Results
3.1. PM10 Concentrations

For all stations, an increase in the average PM10 concentration was detected at 5 a.m.
and a decrease was detected between 11 a.m.–12:00 p.m. Peaks in PM10 concentrations
were detected between 8–9 a.m. These maximum events in hourly PM10 concentrations
coincided with the maximum traffic intensities, which preceded the start of standard
work activities in Bogota. These hourly episodes of increase in PM10 concentration were
also preceded by low heights of mixing-layer, between 722 m (SD = 5.0) and 1085 m
(SD = 95.0 m). The results revealed a similar trend in hourly PM10 concentrations for all
stations throughout the research period (Figure 2). A Spearman’s correlation analysis for
all stations displayed medium positive relationships (rs-Spearman between 0.410–0.506;
Table 2). The results also showed a similar trend for DPM10 in this research. A Spearman’s
correlation analysis for all stations displayed positive relationships with a tendency for
medium values (rs-Spearman between 0.355–0.507). On average, S1 showed the highest
DPM10. Daily concentrations in S1 were 115% and 146% higher than those observed in S2
and S3, respectively.
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Figure 2. Average hourly of PM10 concentration and MLH during the whole research period. S1 = Kennedy,
S2 = Barrios Unidos, and S3 = Suba. PM = average hourly PM10 concentration. MLH = average hourly mixing-layer
height. SD = standard deviation.
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Table 2. Correlations (rs-Spearman) among monitoring stations for hourly and daily PM10 concentrations.

Monitoring Stations S1 S2 S3

Hourly (n = 70,080, per station)

S1 1.00
S2 0.410 (sig. = 0.046) 1.00
S3 0.506 (sig. = 0.012) 0.483 (sig. = 0.017) 1.00

Daily, 24-h moving average (n = 70,079, per station)

S1 1.00
S2 0.447 (sig. < 0.001) 1.00
S3 0.355 (sig. < 0.001) 0.507 (sig. < 0.001) 1.00

3.2. Air Quality Standards

The results indicated that S1 station exceeded the daily Colombian limit 31% of the
time (PE) during the research period, but especially during February, where the average
daily PM10 concentration was 107.8 µg/m3 (Figure 3). During that month, the daily limit
was exceeded 54.1% of the time. In contrast, DPM10 of the stations S2 and S3 complied with
the Colombian limit 99.5% and 100% of the time during the research period, respectively.
It was found that the monthly average of PM10 concentrations in the S1 and S2 stations
represented a public health risk during all months (PM10 > 71 µg/m3; DM > 1.49%;
PE = 96.6%) and in February (PM10 = 52.2 µg/m3; DM = 0.156%; PE = 48.8%), respectively,
according to the daily limit established by WHO. The S3 station showed the lowest public
health risk, exceeding the daily limit 13.0% of the time during the research period.

The order of precedence established by quartiles (Q) to evaluate the risk per daily
exposure to PM10 showed on average that the first three months of the year were Q1 in
all stations (S1: PM10 = 101.1 µg/m3, PE = 99.2%; S2: PM10 = 48.2 µg/m3, PE = 44.0%;
S3: PM10 = 42.4 µg/m3, PE = 24.4%). February was highlighted as the highest risk
for public health, followed in order of precedence for March and January. In contrast,
Q4 months or lowest risk for public health were in order of precedence July, June, and
August (S1: PM10 = 80.9 µg/m3, PE = 93.9%; S2: PM10 = 32.7 µg/m3, PE = 12.9%; S3:
PM10 = 27.4 µg/m3, PE = 2.84%). During the Q4 months an increase in daytime MLH was
also observed (Figure 3).

During the month of greatest public health risk (February), the variations of PM10
concentration during the days of the week in relation to the referenced limits (24-h exposure
time) were studied. On average, the results revealed that at S1 station the PM10 concentra-
tions represented a public health risk during most days of the week in relation to Colombian
limit, except for the exposure period between Sunday and Monday (PM10 = 96.2 µg/m3).
The previous trend was similar in the S1 and S2 stations from the daily limit established by
WHO (Figure 4). The S3 station was the only one that complied during February to the
referenced limits in this research; except during the exposure period between Friday and
Saturday (PM10 = 50.1 µg/m3).

A monthly analysis with Spearman’s coefficient showed, on average and for all
stations, a very strong positive relationship between DPM10 and PE relative to the daily
WHO limit (rs-Spearman = 0.974, p-value < 0.001). A linear regression model between
DPM10 (µg/m3) and PE (%) was developed (PE = 1.30 × DPM10 − 27.4; R2 = 0.938). A
monthly analysis with the Spearman’s coefficient also showed on average for all stations
a very strong positive relationship between PE and DM relative to the WHO limit (rs-
Spearman = 0.873, p-value < 0.001). A linear regression model between PE (%) and DM (%)
was developed (DM = 0.0313 × PE + 0.146; R2 = 0.848).
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3.3. AC

Figure 5 displays the average hourly AC from the quantitative scale considered in
this research. This figure also displays the variation range of AC (lower limit and upper
limit). On average, dominant AC between 6–18 h (daytime) was slightly unstable (AC = 4,
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frequency for 24 h, f-24 h = 19.5%; variation range: 3–6), unstable (AC = 5, f-24 h = 22.7%;
variation range: 4–6), and unstable (AC = 5, f-24 h = 24.5%; variation range: 4–6) for
stations S1, S2, and S3, respectively. During the daytime RD and WS were as follows: S1
(RD = 288 W/m2, SD = 135; WS = 2.77 m/s, SD = 1.09), S2 (RD = 304 W/m2, SD = 145;
WS = 1.75 m/s, SD = 0.83), and S3 (RD = 352 W/m2, SD = 163; WS = 1.46 m/s, SD = 0.69).
As for the dominant AC between 19–5 h (nighttime) was stable (AC = 1, f-24 h) for stations
S1, S2, and S3: 22.9% (variation range: 1–3), 39.5% (variation range: 1–3), and 45.8%
(variation range: 1–2), respectively. On average, during this period RD and WS were
lower relative to the daytime: S1 (RD = 0.02 W/m2, SD = 0.23; WS = 1.64 m/s, SD = 0.80),
S2 (RD = 0.57 W/m2, SD = 2.33; WS = 0.87 m/s, SD = 0.58), and S3 (RD = 0.31 W/m2,
SD = 3.23; WS = 0.61 m/s, SD = 0.39).
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On average, for the whole research area, the results indicated that the dominant
hourly AC during the daytime was slightly unstable and unstable (AC between 4 and 5.5;
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f-24 h = 46.1%). At nighttime, the dominant hourly AC was stable (AC = 1; f-24 h = 36.1%).
A Kruskal-Wallis test between the stations S1, S2, and S3 revealed that there were no
significant hourly variations in average AC (p-value = 0.827). Namely, there was probably
a similar trend in hourly AC during the research period for all stations. However, the
monthly, by comparison, showed, on average, that the order of precedence for daytime
AC was as follows: S3 (AC = 5.5, variation range: 4–6) > S2 (AC = 5.38, variation range:
3–6) > S1 (AC = 4.13, variation range: 3–6). Indeed, the order of precedence for RD
was similar: S3 (RD = 352 W/m2, SD = 163) > S2 (RD = 304 W/m2, SD = 145) > S1
(RD = 288 W/m2, SD = 135). The results also showed an order of precedence opposite for
PM10 concentrations: S1 (90.2 µg/m3) > S2 (41.3 µg/m3) > S3 (35.6 µg/m3) (Figure 6).

Atmosphere 2021, 12, x FOR PEER REVIEW 12 of 21 
 

 

  

Figure 5. Average hourly of AC, RD, and WS during the whole research period. AC: 1 = stable, 2 = slightly stable, 3 = 

neutral, 3.5 = neutral to slightly unstable, 4 = slightly unstable, 4.5 = slightly unstable to unstable, 5 = unstable, 5.5 = unstable 

to very unstable, and 6 = very unstable. PM = average hourly PM10 concentration. WS = wind speed. RD = solar radiation. 

SD = standard deviation. UL = upper limit. LL = lower limit. 

On average, for the whole research area, the results indicated that the dominant 

hourly AC during the daytime was slightly unstable and unstable (AC between 4 and 5.5; 

f-24 h = 46.1%). At nighttime, the dominant hourly AC was stable (AC = 1; f-24 h = 36.1%). 

A Kruskal-Wallis test between the stations S1, S2, and S3 revealed that there were no sig-

nificant hourly variations in average AC (p-value = 0.827). Namely, there was probably a 

similar trend in hourly AC during the research period for all stations. However, the 

monthly, by comparison, showed, on average, that the order of precedence for daytime 

AC was as follows: S3 (AC = 5.5, variation range: 4–6) > S2 (AC = 5.38, variation range: 3–

6) > S1 (AC = 4.13, variation range: 3–6). Indeed, the order of precedence for RD was sim-

ilar: S3 (RD = 352 W/m2, SD = 163) > S2 (RD = 304 W/m2, SD = 145) > S1 (RD = 288 W/m2, 

SD = 135). The results also showed an order of precedence opposite for PM10 concentra-

tions: S1 (90.2 µg/m3) > S2 (41.3 µg/m3) > S3 (35.6 µg/m3) (Figure 6). 

An hourly analysis with Spearman’s coefficient showed on average for all stations a 

positive relationship of considerable to very strong between MLH and RD (rs-Spearman 

= 0.911, p-value < 0.001), and MLH and WS (rs-Spearman = 0.859, p-value < 0.001). Linear 

regression models were developed between MLH and RD (MLH = 2.92 × RD + 870; R2 = 

0.778), and MLH and WS (MLH = 870 × WS + 7.79; R2 = 0.835). Finally, a linear regression 

model was developed integrating RD and WS (MLH = 2.91 × [RD + WS] + 866; R2 = 0.780). 

 

Atmosphere 2021, 12, x FOR PEER REVIEW 13 of 21 
 

 

 

Figure 6. Monthly comparison between DPM10 and daytime AC. Month: 1 = January, 2 = February, 

3 = March, 4 = April, 5 = May, 6 = June, 7 = July, 8 = August, 9 = September, 10 = October, 11 = No-

vember, 12 = December. AC: 1 = stable, 2 = slightly stable, 3 = neutral, 3.5 = neutral to slightly un-

stable, 4 = slightly unstable, 4.5 = slightly unstable to unstable, 5 = unstable, 5.5 = unstable to very 

unstable, and 6 = very unstable. PM = average DPM10. SD = standard deviation. UL = upper limit. 

LL = lower limit. 

3.4. LC 

Figure 7 displays the variation in the LC type for the influence distances for each 

station. One station exhibited mainly impervious LC (S1). This type of LC represented 

between 54.5–85.8% of the zone covered by that station, when using the influence distance 

considered for each station (between 50–1600 m). The precedence order for this LC in the 

stations was S1 > S2 > S3. Otherwise, one station exhibited mainly vegetated LC (S3). This 

type of LC represented between 40.1–78.4% of the zone covered by that station. The prec-

edence order for this LC in the stations was S3 > S2 > S1. As noted, in this research, there 

was one station with mainly impervious LC (S1) and one with mainly vegetated LC (S3). 

The S2 station had intermediate values of vegetated and impervious LC. 

 

Figure 6. Monthly comparison between DPM10 and daytime AC. Month: 1 = January, 2 = February, 3 = March, 4 = April,
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An hourly analysis with Spearman’s coefficient showed on average for all stations a posi-
tive relationship of considerable to very strong between MLH and RD (rs-Spearman = 0.911,



Atmosphere 2021, 12, 118 13 of 21

p-value < 0.001), and MLH and WS (rs-Spearman = 0.859, p-value < 0.001). Linear regres-
sion models were developed between MLH and RD (MLH = 2.92 × RD + 870; R2 = 0.778),
and MLH and WS (MLH = 870 ×WS + 7.79; R2 = 0.835). Finally, a linear regression model
was developed integrating RD and WS (MLH = 2.91 × [RD + WS] + 866; R2 = 0.780).

3.4. LC

Figure 7 displays the variation in the LC type for the influence distances for each
station. One station exhibited mainly impervious LC (S1). This type of LC represented
between 54.5–85.8% of the zone covered by that station, when using the influence distance
considered for each station (between 50–1600 m). The precedence order for this LC in
the stations was S1 > S2 > S3. Otherwise, one station exhibited mainly vegetated LC (S3).
This type of LC represented between 40.1–78.4% of the zone covered by that station. The
precedence order for this LC in the stations was S3 > S2 > S1. As noted, in this research,
there was one station with mainly impervious LC (S1) and one with mainly vegetated LC
(S3). The S2 station had intermediate values of vegetated and impervious LC. 
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3.5. PM10 Information Analysis

Table 3 displays the terms AR/I/MA, model constant, transformation type, R2, root-
mean-square error, mean-absolute percentage error, Ljung-Box Q’ statistic (p-value), and
normalized Bayesian information criterion of the models generated for DPM10. ARIMA
models with a p-value (Q’) > 0.05 were considered satisfactory [47]. The results revealed
an ARIMA model of higher order in the AR term for the station with impervious LC
prevalence (S1, AR = 2) compared to the station with vegetated LC prevalence (S3, AR = 1).
ARIMA models generated for the station with vegetated LC prevalence showed higher
orders in the MA term (S3, between 2–3) compared to the station with impervious LC
prevalence (S1, MA = 2). Finally, Table 4 displays the parameter estimates for the model
terms selected for DPM10.

Table 3. ARIMA models for daily PM10 concentrations (DPM10).

Monitoring
Station AR I MA Constant a Transformation R2 RMSE b MAPE c Ljung–Box Q’

(18), df p-Value (Q’) BIC d

S1

2
+,* 1 2 N.C. Natural log 0.993 2.887 1.076 14.34, 14 0.425 2.121

1 1 1 N.C. Natural log 0.993 2.888 1.081 102.61, 16 0.000 2.122
1 1 0 N.C. Natural log 0.993 2.913 1.110 1923.75, 17 0.000 2.138

S2

2
+,* 1 3 N.C. Natural log 0.993 1.666 1.697 17.53, 13 0.176 1.020

1 1 3 N.C. Natural log 0.993 1.666 1.698 25.84, 14 0.027 1.021
1 1 2 N.C. Natural log 0.993 1.665 1.700 58.99, 15 0.000 1.021

S3

1
+,* 1 2 N.C. Natural log 0.992 1.146 1.317 23.38, 15 0.076 0.273

1 + 1 3 N.C. Natural log 0.991 1.147 1.319 10.75, 14 0.070 0.275
2 + 1 3 N.C. Natural log 0.991 1.147 1.319 9.66, 13 0.072 0.276

Notes. a N.C. = Model without constant. b RMSE = Root-mean-square error. c MAPE = Mean-absolute percentage error. d BIC = Normalized
Bayesian information criterion. + Satisfactory ARIMA models. * Selected ARIMA models.
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Table 4. Parameter estimates for the ARIMA model terms selected for daily PM10 concentrations
(DPM10).

Station (AR, I, MA) Estimate Standard Error t Ratio Prob. > |t|

S1 (2, 1, 2)

AR1 1.180 0.097 12.159 <0.001
AR2 −0.284 0.077 −3.701 <0.001
MA1 0.917 0.098 9.390 <0.001
MA2 −0.148 0.055 −2.712 0.007

S2 (2, 1, 3)

AR1 1.095 0.172 6.375 <0.001
AR2 −0.209 0.140 −1.493 0.013
MA1 0.856 0.172 4.980 <0.001
MA2 −0.115 0.099 −1.163 <0.001
MA3 0.019 0.009 1.968 0.005

S3 (1, 1, 2)
AR1 0.794 0.010 82.858 <0.001
MA1 0.556 0.011 52.273 <0.001
MA2 0.042 0.006 7.292 <0.001

4. Discussion
4.1. Public Health Considerations

On an hourly basis, the results suggest a similar trend in PM10 concentrations between
all stations (rs-Spearman between 0.483–0.506; see Table 2). This trend was probably related
to the uniform trend in the PM10 emission cycles by mobile (vehicles), fixed (industries),
and natural sources in the research areas. The stations selected in this research covered
21.9 km with relation to the 33 km length of the city from north to south (Figure 1). Thus,
the results display that this uniform trend in the hourly PM10 emission cycles was probably
similar in all sectors of Bogota. All stations considered in this research were of background
type. The previous trend could also have been due to the high PM10 levels observed
throughout the city (average DPM10 of up to 107.8 µg/m3).

On an hourly timescale, the results allowed us to detect the most critical time interval
for PM10. On average, this time interval was from 6–11 a.m., with maximum PM10 con-
centrations between 8–9 a.m. (PM10−S1 = 135 µg/m3, SD = 63.1; PM10−S2 = 62.4 µg/m3,
SD = 36.9; PM10−S3 = 52.3 µg/m3, SD = 25.6; see Figure 2). The reference legislation made
it possible to demonstrate that the most critical station within the public health framework
was S1 (Figure 3). On average, this station exceeded the daily Colombian limit during
February by 7.8%, and the daily WHO limit for all months by 80.4%. DPM10 observed in
February at S1 (107.8 µg/m3) could increase the DM by 4.10% (PE = 100%) with relation
to the DM observed for a concentration of 50 µg/m3 [41]. According to WHO (2005), an
increase in DM of 5.0% requires immediate corrective measures. On average for all months,
around the S1 station there was probably an increase of 2.85% in DM during the research
period (PE = 96.6%). This station was located to the Southwest of Bogota (Figure 1). Some
researchers also reported that an increase of 50 µg/m3 in urban DPM10 generated an
increase of 2.10% in DM [6]. The stations S2 and S3 did not exceed the daily Colombian
limit during all months, and S2 station was the only one that exceeded the daily WHO
limit (in February, PE = 48.8%). After this study, Colombian legislation decreased the 24-h
limit to 75 µg/m3 [48].

On average, during Q1 months the DPM10 were 11.5%, 16.8%, and 35.9% higher than
those observed in the Q2, Q3, and Q4 months, respectively (Figure 3). Indeed, during Q1
months the PE increased by 23.2%, 22.3%, and 53.2%, respectively. During the Q4 months
an increase in daytime MLH was also observed (between 1625–1828 m, SD: 276–279),
probably influenced by high RD (239–294 W/m2, SD: 148–179) and high WS (1.87–2.91 m/s,
SD: 1.20–1.78) during these months. The results suggested that public health surveillance
and control agencies should plan and implement different strategies according to the
monthly Q value. On average, DM during Q1 months could be increased by between
1.07–1.43% in relation to DM of Q4 months.
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From the linear regression models developed, very strong positive relationships
were suggested between DPM10 and PE (rs-Spearman = 0.974), and between PE and DM
(rs-Spearman = 0.873). On a monthly basis, the results suggested on average a 13.0%
increase in PE for each 10 µg/m3 increase in DPM10. The findings also suggested a 0.313%
increase in DM for each 10% increase in PE. Thus, the above findings could be useful to
comprehensively assess the effectiveness of air pollution control measures in relation to
PM10. Namely, the effects on PE and DM could also be directly assessed with the regression
models developed in this research.

On average, the results showed an increase in DPM10 as the week progressed, reaching
its maximum level during the exposure period between Thursday–Saturday (Figure 4).
PM10 concentrations during this exposure period exceeded the daily Colombian limit in
S1 station (15.6%), and daily WHO limit in the S1 and S2 stations (S1 = 131%; S2 = 12.9%).
S3 station complied with all legislative limits of reference, except during the exposure
period between Friday–Saturday. A similar trend in DPM10 for other months was observed.
Therefore, the results suggested this exposure period (Thursday–Saturday) as the highest
risk during the week with relation to the possible PM10 impact on human health. The
results also suggested that restrictions on industrial activities and motor vehicle circulation,
as well as wet road cleaning, should be more stringent during this exposure period.

On a weekly basis, during the whole research period, the highest DPM10 tended to
occur during the exposure period between Friday–Saturday. On average, concentrations
during this exposure period were higher (S1 = 14.3%, S2 = 13.3%, and S3 = 16.8%) compared
to the concentrations observed during the exposure period between Sunday–Friday. This
trend was probably because in Bogota there was a restriction on vehicular movement due
to traffic congestion between Monday–Friday. This traffic restriction prevented the use
of 40% of the city’s vehicles between 6–9 a.m. and 3–7 p.m. (between 425,000–817,000
motor vehicles). Namely, there was no traffic restriction on Saturdays, which probably
explained the increase in DPM10 for this day at all stations (average increase of 14.8%). The
results also showed a higher increase in DPM10 on S3 station for this day in relation to
the other stations under study (between 2.50–3.50%). This trend could be due to the land
use existing in S3 station, which was associated with lower PM10 concentrations. Unlike
the other stations under study, the land around this station did not have an industrial
and commercial use (Table 1), but rather, was residential and institutional (schools and
universities). On the other hand, the large values of PM10 concentrations at S1 on Saturdays
could also be explained by greater sediment resuspension as traffic increases. This station
has the largest area of impervious LC and greatest road sediment loadings [49].

4.2. AC and LC

With relation to the influence of AC, the results probably showed the best possible
scenario from a public health viewpoint for maximum hourly PM10 concentrations. Namely,
the maximum concentrations recorded by the stations S1 (135 µg/m3, SD = 63.1), S2
(62.4 µg/m3, SD = 36.9), and S3 (52.3 µg/m3, SD = 25.6) occurred during daytime periods
(8–9 a.m.), when on average the dominant AC was between unstable and very unstable
(Figure 5). This suggested high PM10 dispersion and, therefore, a probable reduction in
hourly concentration during these extreme pollution episodes. Otherwise, the maximum
hourly PM10 concentrations in Bogota during daytime probably would have been higher.
Though, these extreme pollution episodes were probably preceded by low MLH, on average
between 722–1085 m (SD: 5.0–95.0). Indeed, low RD (0.28–54.2 W/m2, SD: 1.99–31.9) and
low WS (0.77–0.85 m/s, SD: 0.50–0.52) were also observed during these periods (Figure 5;
5–7 a.m.). On average, we also observed a rapid change in AC (from stable to unstable)
over a short period of time at sunrise (5–7 a.m.) probably due to a significant increase in
RD (+53.8 W/m2).

The results revealed that during nighttime, the dominant AC was stable (AC = 1).
This suggested low PM10 dispersion during these time periods, and therefore, a probable
increase in hourly concentrations. The best possible scenario in the public health framework
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for S1 and S2 stations occurred during nighttime periods when the lowest hourly PM10
concentrations were observed (Figure 5). On average, nighttime PM10 concentrations in
S1 and S2 stations were 20.9% and 4.61% lower than those observed during the daytime,
respectively. Though, hourly PM10 concentrations at S3 were different. On average, at
this station the nighttime PM10 concentrations were 1.39% higher than those observed
during the daytime, despite a probable decrease in the emission sources of PM10 such
as traffic. This trend could probably be due to the land use existing in S3 station, which
associated the lowest PM10 concentrations (average DPM10 = 34.9 µg/m3) in relation to the
other stations (S1 = 85.9 µg/m3; S2 = 40.0 µg/m3). Unlike the other stations under study,
the land around the S3 station did not have an industrial and commercial use (Table 1),
but rather, was residential and institutional (schools and universities). The results also
suggested that the increase in nighttime PM10 concentrations at S3 was probably associated
with the dominant AC, which were stable. Some researchers informed a similar trend
under dominant conditions of nighttime AS (AC = 1) in the cities of Seoul (Korea) and
Milan (Italy), respectively; despite a reduction in the PM10 emission sources (traffic and
industries) [19,20].

The results indicated that at the S3 station, there was a lower difference (1.39%)
between daytime and nighttime concentrations of hourly PM10 in relation to the stations
S1 (20.9%) and S2 (4.61%). This trend was also supported by a lower hourly variation
in PM10 concentrations in S3 station (S3, SD = 6.27 µg/m3; S2, SD = 8.18 µg/m3; S1,
SD = 17.8 µg/m3). As mentioned, S3 station had comparatively the highest degree of AI
during daytime (S3, AC = 5.5, variation range: 4–6; S2, AC = 5.38, variation range: 3–6; S1,
AC = 4.13, variation range: 3–6) and during nighttime there were no differences among
stations in hourly AC (AC = 1; see Figure 5). Thus, the results suggested that the stations
located in urban sectors with greater AI probably tended to show lower concentrations
and variations of hourly PM10.

From the linear regression models developed, we observed positive relationships
from considerable to very strong between MLH and RD (rs-Spearman = 0.911), and MLH
and WS (rs-Spearman = 0.859). In this study, the results suggested comparatively that
there was a greater association between MLH and RD in comparison with WS. On average,
we observed an increase of 292 m in MLH for each increase of 100 W/m2 in RD. We also
observed an increase of 870 m in MLH for each increase of 1.0 m/s in WS. Indeed, the
results suggested a positive relationship between MLH and the degree of AI. The monthly
results revealed, on average, that the DPM10 were lower in the station associated with the
highest degree of AI (S3). The order of precedence in the degree of AI for stations was
as follows: S3 > S2 > S1 (Figure 6). The order of precedence for DPM10 was as follows:
S1 > S2 > S3. The results in this research suggested an inverse relationship between DPM10
and AI.

Additionally, a probable relationship was detected between AI and LC type. The
results showed that urban sectors of greater AI were characterized by a mainly vegetated
LC (S3 = 78.4%; Figure 7). In contrast, urban sectors of lower AI were related with mainly
impervious LC (S1 = 85.8%). The previous analysis was conducted within a 1600-m radius
in relation to the physical location of the stations, because it has been reported that this was
probably the best distance to observe differences between DPM10 and LC [17]. Studies in
urban sectors have also reported an important influence of a vegetated LC on DPM10. For
example, some researchers informed that the existence of trees in Wuhan (China) decreased
the DPM10 between 7–15% [14]. A vegetated LC also acted as an effective remover for
particulate and gaseous atmospheric pollutants [22]. On average, in this research the
sectors with mainly vegetated LC (S3) showed a DPM10 lower (59.4%) compared to the
sectors of mainly impervious LC (S1).

A correlation analysis among the influence distances (50–1600 m) and LC types around
each station revealed that the S2 station exhibited the best correlations (rs-Spearman,
significant correlations = 47.2%; p-values < 0.05). This analysis also allowed us to iden-
tify that the distance with the worst correlations was 1600 m (rs-Spearman, significant
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correlations = 33.3%, p-values < 0.05). Namely, this influence distance was the one that
generated the least association between all stations considered in this research (Figure 7).
Thus, in this research, we chose S2 as the station to compare the ARIMA models gener-
ated; and we also select at 1600 m as the influence distance to study the likely differences
among models.

The findings revealed a difference between stations for the impervious LC distribution:
85.8% at S1, 56.5% at S2, and 17.9% at S3. Outcomes for the AR term of the models imply
that these differences were related to the LC type. To increase the impervious LC around a
station, an increase in the AR term was assumed (Table 3). More impervious LC around a
station meant that the DPM10 of preceding days had a stronger influence. In this research,
the PM10 concentrations persistence was around two days (S1 and S2 stations, AR = 2). A
greater PM10 pollution persistence was detected in urban sectors with more impervious LC
(roofs/pavements/footpaths) and less vegetated LC (trees/grasslands). Some researchers
also applied models of order 1 and 2 in the AR term simulated DPM10 in the high-pollution
cities of New Delhi (India) and Temuco (Chile), respectively [43,44].

The MA term of the models showed a difference that was probably related to vegetated
LC (10.9% at S1, 39.3% at S2, and 78.4% at S3). The findings indicated that stations with
more vegetated LC (S2 and S3) showed a higher order in the MA term (Table 3). More
vegetated LC around a station meant a greater effect exerted by the PM10 variations of
preceding days. In this research, the effect was observed 2–3 days prior to measurement
(MA between 2–3). Consequently, the results also pointed to mainly vegetated LC sectors
as those displaying greater variability in DPM10. These results infer that in sectors with
mainly impervious LC, particulate matter sources probably had a more uniform tendency
in the daily emission cycles, as shown by lower variability in DPM10 (S1 station, MA = 2)
compared to sectors with more vegetated LC (S2 and S3 stations, MA between 2–3).

5. Conclusions

The results suggest a similar temporal trend for PM10 throughout the megacity of
Bogota, probably due to the high concentrations observed at the stations (DPM10 of up
to 107.8 µg/m3). On average, the findings also imply that within the city limit, different
atmospheric conditions may coexist. In effect, urban sectors with lower AI show higher
DPM10 (between 131–144%) compared to urban sectors of greater AI, with the former
showing an increase in DM of 2.85% compared to the latter. Thus, urban LC type can
probably be used as a public health indicator, because in urban sectors where impervious
LC predominates (85.8%) over vegetated LC (78.4%), greater increases in DM (+2.85%) and
PE (+84.6%) were observed. An ARIMA analysis also showed that a more impervious
LC around a station greater influences the PM10 concentrations of the previous days. The
persistence of PM10 concentrations is probably two days, i.e., extreme PM10 episodes
possibly persist for two days in Bogota. Extreme pollution episodes are probably also
preceded by low MLH (between 722–1085 m).

Additionally, in this high-altitude megacity, DM during Q1 months (highest risk)
increased between 1.07–1.43% in relation to DM of Q4 months (lowest risk). Indeed, the
findings showed, on average, a 13.0% increase in PE for each 10 µg/m3 increase in DPM10,
and a 0.313% increase in DM for each 10% increase in PE. The average reduction of 14.8%
in DPM10 (−0.79% in DM) was probably due to 40% restriction of the traffic at peak hours
(6–9 a.m. and 3–7 p.m.). On average, this traffic restriction is probably more effective in
urban sectors with vegetated LC (up to −3.50% in DPM10) in comparison to urban sectors
with impervious LC. This predominant land use in vegetated LC (residential/institutional)
also probably leads to higher nighttime PM10 concentrations (1.39%) in relation to the
daytime concentrations, despite a decrease in traffic and industrial and commercial activity.
Lastly, the outcomes of this research serve to extend our knowledge about the behavior
of DPM10 concentrations and the influences of AC and LC, allowing us to develop and
implement different strategies for the surveillance and control of such metrics for public
health in high-pollution megacities.
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AC Atmospheric condition.
AI Atmospheric instability.
ARIMA Autoregressive integrated moving average.
AS Atmospheric stability.
BIC Normalized Bayesian information criterion.
DM Daily mortality.
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LC Land coverage.
MAPE Mean-absolute percentage error.
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N.C. Model without constant.
PE Excess percentage.
PM Particulate material.
RD Solar radiation.
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