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10 Abstract

11 The quantile regression (QR) method has been increasingly introduced to atmospheric environmental
12 studies to explore the non-linear relationship between local meteorological conditions and ozone mixing
13 ratios. In this study, we applied QR for the first time, together with multiple linear regression (MLR) model,
14  to analyze the dominant meteorological parameters influencing the mean, 10th percentile and 90th
15  percentile of maximum daily 8-hour average (MDAS) ozone concentrations in 2000-2015 in Hong Kong.
16  The dominance analysis (DA) was used to assess the relative importance of meteorological variables in the
17  regression models. Results showed that the QR models performed better for 90th percentile than 10th
18  percentile in spring and summer, while MLR models worked generally better in suburban areas in winter,
19 and worse at urban sites in summer. The top 3 dominant covariates associated with MDAS ozone
20  concentrations, changing with seasons and regions, were frequently associated with the 5 meteorological
21 parameters (sorted by order of importance): humidity, boundary layer height, wind direction, surface solar
22 radiation and sea level pressure. Temperature was not a top 3 important variable in any season, which could
23 partly explain the peak of monthly average ozone concentrations in October in Hong Kong. Finally, we

24  found that the meteorological effects on MDAS ozone had no obvious change before and after the 2010
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1. Introduction

Ambient ozone (O3) concentrations are influenced by the changes in meteorological conditions as well
as changes in source emissions of its precursors. Meteorological factors often obscure the true impacts of
emission control strategy implemented by government (Rao and Zurbenko, 1994; Milanchus et al., 1998).
Hence, understanding the roles of different meteorological variables in O3 variations is helpful to assess
past measures of air quality management and to promote future pollution abatement.

With the decrease of nitrogen dioxides (NO2), sulfur dioxide (SO2) and respirable suspended
particulate (PM1o) concentrations, Hong Kong, situated at the south tip of the Pearl River Delta (PRD) of
China, together with other cities in PRD, such as Guangzhou, Shenzhen and Macao, has been suffering
from photochemical pollution in recent years, according to the observation data of the PRD Regional Air
Monitoring Network. A number of studies investigated the impact of meteorological conditions on surface
O3 in Hong Kong (Chan et al., 1998; Wang et al., 1998, 2001, 2009; Wu and Chan 2001; Lam et al., 2001,
2005; So et al., 2003; Huang et al., 2006; Guo et al., 2009, 2013; Ding et al., 2013; Zhang et al., 2013).
Wang et al. (2001) and Guo et al. (2009) found that elevated O3 concentrations in autumn in western Hong
Kong were related to intense solar radiation, calm winds, and a unique wind circulation. By simple
statistical analysis of O3 in Hong Kong in 1985-1995, Wu and Chan (2001) claimed that the O3 variations
could not be fully explained by temperature, and there might be other meteorological factors affecting O3

levels. Huang et al. (2006) investigated 54 O3 episodes during 2000-2004, and concluded that local
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photochemical production and regional transport were the main contributors to ambient O3 values. Zhang
etal. (2013) reported that the change of synoptic weather patterns during 1999-2011 had significant impacts
on surface O3 in Hong Kong, and high O3 levels were often observed during tropical cyclone and anti-
cyclonic circulation events.

To quantify the complex influence of local meteorological conditions, i.e., wind direction/speed,
temperature and relative humidity, on different quantiles of O3 and/or other pollutant concentrations, the
quantile regression (QR) method has been increasingly used in atmospheric studies as a powerful tool,
which could provide much more insight than traditional multiple linear regression (MLR) approach
(Koenker and Basset, 1978). For example, Baur et al. (2004) used QR to explain the nonlinear relationships
between O3 concentrations and local meteorological parameters in Athens. Porter (2015) investigated the
response of O3 and fine particulate matter (PMz2s) extremes to meteorological factors via QR in USA
between 2004 and 2012, and found that temperature and relative humidity were the most important
variables for 95th quantile O3 levels in summertime, while winter O3 levels were always associated with
solar radiation flux. Otero et al. (2016) employed QR and other regression models to explore the impact of
synoptic meteorological conditions on surface O3 in Europe, and found that the maximum temperature
played an important role, especially during warmer months.

However, there were no studies conducted using QR method in Hong Kong and the PRD region,
partly due to the lack of O3 monitoring data. Because of differences in geographical, climatic and
demographic conditions, the impact of meteorology on O3 in Hong Kong would be very different from that
in the United States and Europe. Therefore, in this study we utilized QR method, together with MLR model,
to reveal the relationship between O3 concentrations and local meteorological parameters in Hong Kong.
The surface O3 observation data from six urban and suburban sites in Hong Kong during 2000-2015 were

used.

2. Methods and data acquisition
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2.1. Air quality monitoring site and data acquisition

The maximum daily 8-hour average (MDAS) O3 concentrations at six air quality monitoring stations
in Hong Kong, i.e., Tung Chung (TC), Yuen Long (YL), Central/Western (CW), Tap Mun (TM), Kwai
Chung (KC) and Eastern (EA), were collected from 2000 to 2015. The TC, TM and YL sites were located
in suburban areas, while CW and EA were located in urban areas, and KC was located in the transition zone

of urban and suburban areas. The locations of these stations and their surrounding environments are shown

in Fig.1. The historical data of O3 concentrations were accessible online from http://epic.epd.gov.hk.
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Fig. 1. Locations of the six monitoring stations and their surrounding environments.

2.2. Statistical models

As a traditional statistical model, also known as ordinary least squares model, MLR estimates, on
average, the relationship between some explanatory variables and a response variable by fitting a linear
equation to observed data using MLR technique. MLR model is established through minimizing the

differences between the observed dependent variable (i.e. MDAS8 O3 concentration) and the dependent
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variable predicted by the regression model and takes the form
Vi = BiXin + Boxip + o+ Bpxip + &,  i=1,-1m,

Where y; is the dependent variable, x;, is independent variable (i.e. meteorological factor). MLR
method has been widely used in many O3 studies (Duenas et al., 2002; Tai et al., 2010; Demuzere et al.,
2010; Liu et al., 2013; Rajab et al., 2013). In our study, MLR model was used to analyze the mean response
of MDAS O3 concentrations to meteorological variables in Hong Kong.

On the other hand, the QR model, also known as least-absolute-value model, can obtain a more
complete picture of the effect of the predictors on the response variable, and does not require strong
distributional assumptions as MLR (Koenker and Basset, 1978). QR can model the relation between a set
of predictor variables and specific percentiles (e.g., Sth, 50th and 90th percentiles) of the response variable.

A specific quantile can be found as the solution of the optimization problem

n
rfneigglz pr(yi =)
i=1
Where p.(z) =z(t —1(z<0)),0 <7 <1. Here I(-) denotes the indicator function. In this
study, the QR was applied to describe how the 10th and 90th percentiles of the MDAS O3 concentrations
were affected by meteorological predictors.
2.3. Selection of meteorological variables and data acquisition
To run the statistical regression model properly, it is important to select suitable variables. According
to previous studies (Cox and Chu, 1993, 1996; Porter et al., 2015; Otero et al., 2016), and available data,
temperature, relative humidity, total cloud cover, surface solar radiation, surface thermal radiation, sea level

pressure, wind speed, wind direction, daily rainfall, boundary layer height and sunshine duration were

chosen for the statistical analysis. Detailed information is presented in Table 1.

Table 1. Predictors used in the regression models
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Meteorological

Number . Abbreviation Site Location Temporal option Sources
variables
. Hong Kong o
1 Surface air STEM International 22.308°N, Mean, 15:00 NCDC
temperature . 113.914°E
Airport
. Hong Kong -
Surface wind . 22.308°N, Prevailing,
2 direction WD International 113.914°E 15:00 NEDC
Airport
. Hong Kong o
3 Surface wind WS International 22.308°N, Mean, 15:00 NCDC
Speed . 113.914°E
Airport
Surface thermal 22.375°N, i ERA-
4 radiation STRD / 11425°E Mean, 19:00 1terim
Surface solar 22.375°N, i ERA-
3 radiation SSRD / 114.25°E Mean, 14:00 Interim
Hong Kong 22.308°N,
6 Sea level pressure SLP International o Mean, 15:00 NCDC
. 113.914°E
Airport
Hong Kong 22.308°N
7 Total cloud cover TCC International : o Mean, 15:00 NCDC
. 113.914°E
Airport
Hong Kong 22.308°N
8 Relative humidity RH International : op Mean, 15:00 NCDC
. 113.914°E
Airport
Hong Kong o
9 Rainfall RF International 22308 2\1’ Daily NCDC
. 113.914°E
Airport
Boundary layer 22.375°N, ) ERA-
10 height BLH / 114.25°E Mean, 14:00 Interim
. . . 22.333°N, . Hong Kong
11 Sunshine duration SUD King's Park 114.166°E Daily Observatory

As shown in Table 1, the meteorological data came from three sources: NOAA's National Climatic

Data Center (NCDC), Hong Kong Observatory, and ERA-Interim reanalysis dataset. The ECMWF ERA-

Interim reanalysis dataset is a global atmospheric reanalysis from 1979 to date, produced by a 2006 version

of the ECMWF Integrated Forecasting System (IFS). The horizontal resolution of ERA-Interim dataset is

approximately 79 km on 60 vertical levels from the surface up to 0.1 hPa (Dee et al., 2011).

Since the peak O3 concentration often occurred at around 15:00 in Hong Kong (Fig. 2), the

meteorological variables at 15:00 were selected as predictors for MDAS8 O3 concentrations. Because there

was no re-analysis data of ERA-Interim at 15:00, the data at 14:00 were selected as alternatives for STRD,

SSRD and BLH. Meanwhile, the mean values of all meteorological variables, which were calculated using

hourly data, were also selected as alternative predictors, except for WD, RF and SUD.



124
125
126
127

128

129

130

131

132

133

134

135

136
137

138

139

140

141

142

—a—(CW—e—KC——YL
—v—TC ——-TM —<—EA

100 4

O,(ng/m %)

2 4 6 8 101214 16 18 20 22 24
Hour
Fig.2. Average diurnal variations of O3 at the six sites in 2000-2015.

Because there are many potential ensembles of meteorological variables for the establishment of a
regression model, it is necessary to use some strategies to determine the optimal model. In this study, we
used forward selection strategy and the Bayesian information criterion (BIC) metric to balance goodness
of fit against model complexity for each site (Schwarz, 1978). The forward selection was to start with the
most basic model, i.e., Y = Bo +¢, and add one more important predictor at a time, with reductions in BIC,
until there was no statistically significant difference of BIC through adding one more predictor. To avoid
severe multicollinearity phenomenon, the variance in flation factor (VIF) was used to help
detect collinearity (Kutner et al., 2004). Values of VIF exceeding 10 were regarded as an indicator of

multicollinearity and the variables would be left out of the regression model (Otero et al., 2016).

2.4 Assessment of the relative importance of predictors

One of the main purposes of multiple regression is to assess the relative importance of the variables in
the models. There are four main methods to determine relative importance of predictors: examination of
regression coefficients, analysis of correlation coefficients, dominance analysis (DA) and relative weight
analysis (RWA) (Hoffman, 1960; Azen and Budescu, 2003; Budescu, 1993). Even though the first two

approaches are most commonly used in research, both are difficult to interpret the different results only due
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to model order entry in the procedures. However, newly designed procedures like dominance
analysis (Budescu, 1993) and relative weight analysis (Johnson, 2000) have presented strong evidence of
their ability to provide accurate information about relative importance without some of the inherent
weaknesses of more traditional methods.

In this study, DA was employed to discern the relative importance of independent variables in the full
model based on each variable's contribution to overall model fit statistics. DA used a strategy designed
especially for assessing importance to solve the issue of relative importance in a straightforward manner.
DA could avoid the weaknesses of the historical strategies through comparing all possible combinations of
the variables in the regression model. The detailed information of DA can be found in Azen and Budescu
(2003). All the statistical calculations mentioned above were executed by the software package Stata
(Version 13.0; Stata Corp.).

3. Results
3.1 Performance of statistical models

First of all, the performance of the QR and MLR models was examined as it was strongly associated
with the reliability of the simulation results.

In this study, squared correlation coefficient (R?), also known as the coefficient of determination, was
used as a statistical measure of the performance of the MLR model. R? is a statistical measure of how close
the data are to the fitted regression line. R? was calculated as the ratio of Explained Sum Squared (ESS) to

Total Sum Squared (TSS):

, _ ESS
T TSS

ESS is the Sum of the squared differences between the predicted y and the mean of y:
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ESS = ) 3 — 7)°
i=1
TSS is the sum of the squared difference between the actual y and the mean of y:
n
1SS = ) (i = 37
i=1
Where ¥ is the mean of y, § is the predicted y, y; is the actual y. Generally, the higher the R? is,
the better the model fits the data. As shown in Fig.3, the R?> was the highest in winter (0.62), and the lowest
in summer (0.33) with an average value of 0.42. In general, the performance of the MLR model for mean

MDAS Os concentrations was good in winter and poor in summer. Geographically, good performance was

found in suburban areas (€.9., YL and TC), and poor performance at urban sites (€.9g., EA and CW).
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Fig.3. R-squared values of the MLR model in different seasons at the six sites.

On the other hand, the pseudo R? measure, suggested by Koenker and Machado (1999), was used to
evaluate the performance of the QR model. The pseudo R? measures goodness of fit by comparing the sum
of weighted deviations for the QR model with the same sum from a model in which only the intercept

appears. It was calculated as:
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Where R, () is the pseudo R? measure of tth quantile, y; is the dependent variable values, j; is the
fitted values of dependent variable, and ¥ is the quantile for dependent variable y from the estimated model.
Similar to R? in the MLR model, the higher pseudo R? indicates better goodness of fit in the QR model.

Fig. 4 shows the pseudo R? values of 90th and 10th quantile regressions in different seasons.
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Fig. 4. Pseudo R? values of 90th (black line) and 10th (blue line) quantile regressions in different

seasons.

The pseudo R? values were between 0.07 (10th percentile) and 0.45 (90th percentile), more dispersed
than R? in the MLR model (Fig. 4). In general, the performance of the QR model was much complicated in
different seasons at different sites. In spring and summer, the QR model performed apparently better for
90th percentile than for 10th percentile, suggesting that meteorological factors had greater impact
on high Os days. There was no significant difference in goodness-of-fit between 90th and 10th percentiles
in autumn, while the average pseudo R? at different sites for 90th and 10th percentile in winter was similar,
and the values at different sites were more dispersed for 10th percentile than 90th percentile model.
Geographically, same as the MLR models, the QR models had better performance in suburban areas in

autumn and winter. However, the geographical difference of the QR model performance was not obvious
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in spring and summer.

3.2 Dominant meteorological factors in different seasons
3.2.1 Spring O3

Fig. 5 shows the top 3 most important covariates and their rankings at six sites for the 90th percentile,
10th percentile and mean MDAS O3 concentrations in spring. The top 3 most important covariates were
often associated with RH, BLH and WD, for the 90th percentile, 10th percentile and mean MDAS O3
concentrations in Hong Kong. STRD and WS became the top 3 important meteorological factors only in
YL and KC. Geographically, the rankings at different sites were also different. For example, the top 1 most
important factor was RH in YL, TC and EA, but was WD in TM, CW and KC for 90th percentile MDAS

Os concentrations. This phenomenon might be caused by the different geographical conditions.

Bl e v - e v I oo v
s TrRD WS s TRD [ WS s TRD WS
3 4 u
2 2 H
g
=
| = H
0 - 1 — . I — — o I— Ly - — N : I L —
YL ™ TC cw KC EA YL ™ TC cw KC EA YL ™ TC cw KC EA
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Fig. 5. Top 3 most important covariates and their rankings at six sites for the 90th percentile (left),
10th percentile (middle) and mean (right) MDAS O3 concentrations in spring.

Strong negative correlations between RH and O3 were found at all sites in springtime, consistent with
the findings in USA (Porter et al., 2015), Europe (Otero et al., 2016) and the Mediterranean Coast (Duefias
et al., 2002). Increasing humidity can decrease oxygen atom and produce more hydroxyl radical (OH) in

clean area, which will decrease the O3 concentrations (Johnson et al., 1999). However, in polluted area,
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increasing water vapor generally has a weak effect on O3 formation due to two competitive pathways, i.e.,
converting NO2 to nitric acid to suppress O3 formation, and increasing OH reacting with O3 precursors to
promote O3 production (Jacob and Winner, 2009). The negative relationship found in this study implied
that removal of NO2- and ONOz-containing gas by water vapor might dominate the chemical reaction
pathways in the polluted areas (Jia and Xu, 2014).

Unlike RH, BLH had strongly positive correlation with O3 concentration, which was also found in
southwestern United States through the statistical method of Kolmogorov—Zurbenko Filter (Wise and
Comrie, 2005) and in New England (White et al., 2007). Wise and Comrie (2005) inferred that the positive
effect of BLH might be caused by three reasons: the increased emissions of O3 precursors, the mixing of
polluted air downward, and other favorable photochemical conditions. In addition, Kolev et al. (2011)
observed the entrainment of O3 from higher boundary layer over an urban area in a mountain valley.

In Hong Kong, the monthly average O3 concentration obtained from eight years (1993-2001) of
ozonesonde measurements indicated a much sharper increase from the surface to ~3 km than that in other
cities such as Linan and Kunming in China (Chan et al, 2003). As such, it was inferred that the entrainment
of polluted air downward would play an important role in Hong Kong. In addition, the increase of O3
production could partly be attributed to the reduced nitrogen oxide levels at higher boundary layers
(Kleeman, 2007).

The dominated factor of RH, PBL and WD, rather than temperature and radiation, indicated that the
O3 concentrations in spring might be governed primarily by horizontal transport and vertical mixing, rather

than local production.

Table 2 Correlation between MDAS8 O3 concentrations and the main meteorological variables in

spring.

Site YL ™ TC Cw KC EA
STRD -0.4(<0.01)* -0.37(<0.01) -0.4(<0.01) -0.41(<0.01) -0.49(<0.01) -0.4(<0.01)
BLH 0.48(<0.01) 0.42(<0.01) 0.47(<0.01) 0.38(<0.01) 0.36(<0.01) 0.43(<0.01)

RH -0.53(<0.01) -0.41(<0.01) -0.44(<0.01) -0.38(<0.01)  -0.33(<0.01)  -0.43(<0.01)

WS 0.21(<0.01) 0.08(<0.01) 0.28(<0.01) 0.24(<0.01) 0.3(<0.01) 0.2(<0.01)

WD(EW)  -0.39(<0.01) -0.42(<0.01) -0.43(<0.01) -0.46(<0.01)  -0.56(<0.01)  -0.42(<0.01)
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WD(NS)  -0.15(<0.01) -0.2(<0.01) -0.11(<0.01) -0.16(<0.01)  -0.32(<0.01)  -0.17(<0.01)

@ Spearman coefficients (correlation probabilities).

3.2.2 Summer O3

In summertime, the top 3 most important covariates always included SLP, RH and WD, the same for
the 90th percentile, 10th percentile and mean MDAS O3 concentrations (Fig. 6). Unlike spring, SLP became

the most dominant factor and the effect of BLH weakened in summer.‘
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Fig.6. Top 3 most important covariate and their rankings at six sites for the 90th percentile (left), 10th

percentile (middle) and mean (right) MDAS8 O3 concentrations in summer.

Among the three leading meteorological factors, SLP stood out as the covariate with the highest impact
almost at all sites in summer (Fig. 6). In general, during high pressure systems, the light winds, cloudless
and warm conditions would cause the production and build-up of O3 pollution. While during low pressure
systems, the weather is often wet and windy, causing pollutants to be dispersed. However, there were some
differences due to the special climate in Hong Kong. In summer, the subtropical high is usually significantly
strengthened westwards and controls the southern part of China, including Hong Kong and the PRD
region. Influenced by the subtropical high, Hong Kong often experiences southerly airflow in summer, and
this phenomenon was also revealed by the negative correlation between SLP and WD. On the other hand,
the correlation between SLP and MDAS8 Os concentrations were all positive except for summertime.
Therefore, when SLP increased in summer, the southerly airflow would decrease the O3 concentrations.

Table 3 Correlation between MDAS8 Os concentrations and the main meteorological variables in
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Site YL ™ TC CW KC EA
SLP -0.33(<0.01)  -0.24(<0.01)  -0.38(<0.01) 037(<0.01)  -0.17(<0.01)  -0.34(<0.01)
RH -0.44(<0.01)  -0.33(<0.01)  -0.29(<0.01) 0.26(<0.01)  -025(<0.01)  -0.22(<0.01)
BLH 0.36(<0.01)  0.24(<0.01) 0.26(<0.01) 0.22(<0.01) 0.25(<0.01)  0.04(>0.05)
WDEW)  0.16(<0.01)  -0.07(<0.01)  0.11(<0.01) 0.14(<0.01)  -0.25(<0.01)  0.12(<0.01)
WD(NS)  -031(<0.01)  -0.36(<0.01)  -0.21(<0.01) 021(<0.01)  -0.48(<0.01)  -0.22(<0.01)

Like spring, RH was also a dominant negative driver of the MDAS8 O3 concentrations in summer.
Besides the explanation in chemistry as detailed above, the positive correlation between RH and southern
wind might be another reason in summer. When the wind was blowing from the South Sea, RH tended to
be increasing, and O3 concentrations would decrease.

Geographically, like spring, the rankings of these drivers were different. The first important factor was
SLP for the 90th percentile, 10th percentile and mean MDAS O3 concentrations in all stations except for
KC. The second and third important parameter varies with different sites and different percentile.

3.2.3 Autumn and winter O3

Fig. 7 presents the most important factors and their rankings in autumn and winter. The top 3 dominant
drivers were often associated with BLH, SSRD, RH and TCC in autumn and winter. Unlike spring and
summer, SSRD became a dominating positive influence on MDAS O3 concentrations in autumn and winter.
The leading effect of SSRD was also found in the USA, Europe and the Greater Toronto Area. For examples,
in the USA, incoming radiation flux was found to be the most important factor at many sites for winter O3
instead of temperature between 2004 and 2012 (Porter et al. 2015). Pugliese et al. (2014) also found that
the relation between O3 and temperature was not clear in the Greater Toronto Area from 2010 to 2012, and
considered the incoming solar radiation as the most influenced factor for the local O3 production through
the production of HOx radicals. In addition, increasing SSRD or decreasing TCC were always associated

with stagnant atmospheric conditions, which were conducive to the accumulation of Os.
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Fig.7. Top 3 most important covariates and their rankings at six sites for the 90th percentile (left,
upper), 10th percentile (middle, upper) and mean (right, upper) MDAS8 O3 concentrations in autumn;
and for the 90th percentile (left, lower), 10th percentile (middle, lower) and mean (right, lower)
MDAS O3 concentrations in winter.

4 Discussion

4.1 Interpretation for monthly variation of O3 in Hong Kong

Through QR and MLR modeling, it was found that RH was the significant negative factor for MDAS
O3 concentrations in all seasons, and STEM was not an important variable in any season in Hong Kong.
This phenomena could partly explain the monthly variation of O3 in Hong Kong.

The highest O3 concentrations were observed in autumn but not in summer months, when the
temperature and solar radiation were maximum in Hong Kong (Fig. 8). This patterns of seasonal variation

were clearly different from most cities in China and in other countries, where the maximum monthly O3
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concentration often occurred in summertime, when photochemical production is fast due to higher
temperature and intense solar radiation (Jacob et al., 1993; Sillman and Samson, 1995; Bloomer et al., 2010;
Cristofanelli et al., 2015; Wang et al., 2013).

Meteorological data from many years revealed that lower RH often occurred in October, November
and December in Hong Kong, which in favor of the higher O3 levels according to our study. Together with

the factor of solar radiation, October would have an absolute advantage in the higher production of Os.
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Fig.8. Average monthly variation of O3 (left), temperature (middle), relative humidity and solar
radiation (right) during 2000-2015 in Hong Kong.

4.2 Assessment of the meteorological impact in different years

The annual average O3 concentrations displayed an upward fluctuated trend from 2000 to 2015, with
36pg/m? for 2000 and 47ug/m? for 2015 on average in Hong Kong (Fig. 9). Meanwhile, the annual average
O3 concentrations had two turning points since 2000, which happened in 2005 and 2010. The turning point
around 2010 might be associated with the 2010 Asian Games in Guangzhou, when government carried out
a series of the atmospheric sources control program in the PRD region, which would decrease the O3 levels

in Hong Kong indirectly, due to the regional transport effect (Wang et al., 2001).
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Fig. 9. Trends in annual average O3 concentrations at the six sites from 2000 to 2015.

To assess the variations of meteorological effect due to emissions changes before and after the 2010
Asian Games, the QR and MLR analyses were applied again for autumn, using two 5-year data around
2010: 2005-2009 and 2011-2015. In general, the main results for the two periods of 2005-2009 and 2011-
2015 agreed well with that shown in 3.2.3. But a few differences still existed. For example, BLH, SSRD,
RH and STEM were the dominant factors for the 90th percentile of autumn MDAS O3 concentrations during
2005-2009. But after the 2010 Asian Games, the dominant factors were BLH, SSRD and RH, and STEM
was no longer a top 3 important variable in any station.

S Summary

The relationships between O3 and different local meteorological variables in Hong Kong during 2000-
2015 were studied using QR and MLR models. DA was used to assess the relative importance of
meteorological variables in the regression models.

The performance of the regression models varied across seasons, sites and concentrations (mean, 10th,
90th percentiles). The QR models performed apparently better for 90th percentile than10th percentile in
spring and summer, while MLR models worked generally better in suburban areas in winter, and worse at
urban sites in summer.

The top 3 dominant covariates, associated with MDAS8 O3 concentrations, varied with seasons and
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regions, and were frequently connected with the 5 meteorological parameters (sorted by order of
importance): humidity, boundary layer height, wind direction, surface solar radiation and sea level pressure.

Humidity was the dominant negative factor for MDAS8 O3 concentrations in all seasons, while
temperature did not appear to be a top 3 significant variable in any season. These results could partly explain
the peak of monthly average O3 concentrations in October in Hong Kong; Boundary layer height was often
a top 3 most important covariate in spring, autumn and winter, might be related with the entrainment of
polluted air downward due to the much sharper increase profile of Oz near the surface in Hong Kong; Wind
direction was also an important driver in spring and summer, which indicated the importance of horizontal
transport of O3 and precursors from the surrounding areas. Sea level pressure was a special variable, which
had a positive correlation with MDAS8 O3 concentrations only in summer due to Hong Kong’s unique
climate, very different from other seasons and regions. At last, no obvious differences of the meteorological
effects on MDAS Os levels were found before and after the 2010 Asian Games.

Our work has shown the power of QR models in the analysis of complicated meteorological effect on
O3 at different percentiles. These results could be beneficial for many aspects, such as local Os forecasting,
environmental control policy assessment and dealing with climate change. At recent years, photochemical
pollution has gradually became the chief problem of air pollution in the PRD, and attracted people and
government's attention more and more. Along with the enrichment of air quality data, we will employ this

approach to explore the effects of meteorology on O3 in the PRD region in future.
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