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Abstract: Air pollution has brought about serious challenges to public health. With the limitations of
available data, previous studies overlooked spatiotemporal heterogeneities in PM2.5-related health
(PM2.5-RH) and multiple associated factors at the subdistrict scale. In this research, social media
Weibo data was employed to extract PM2.5-RH based on the Bidirectional Encoder Representations
from Transformers (BERT) model, in Beijing, China. Then, the relationship between PM2.5-RH and
eight associated factors was qualified based on multi-source geospatial big data using Geographically
Weighted Regression (GWR) models. The results indicate that the PM2.5-RH in the study area
showed a spatial pattern of agglomeration to the city center and seasonal variation in the spatially
non-stationary effects. The impacts of varied factors on PM2.5-RH were also spatiotemporally
heterogeneous. Specifically, nighttime light (NTL), population density (PD) and the normalized
difference built-up index (NDBI) had outstanding effects on PM2.5-RH in the four seasons, but with
spatial disparities. The impact of the normalized difference vegetation index (NDVI) on PM2.5-RH
was significant in summer, especially in the central urban areas, while in winter, the contribution of
the air quality index (AQI) was increased. This research further demonstrates the feasibility of using
social media data to indicate the effect of air pollution on public health and provides new insights
into the seasonal impacts of associated driving factors on the health effects of air pollution.

Keywords: social media Weibo data; PM2.5-related health; GWR; Beijing; spatiotemporal
heterogeneity

1. Introduction

Air pollution is a major global public health issue [1], which is ranked as the fifth
greatest risk factor for global mortality in the Global Burden of Disease (GBD) [2]. Exposure
to air pollution can cause diseases such as stroke, lung cancer, and mental disorders, which
can lead to death in extreme cases [3–5]. China has faced serious air pollution problems due
to rapid urbanization [6]. Although China has conducted a series of clean air initiatives,
the health costs and risks caused by air pollution remain high [7]. In 2020, there were
997,955 premature deaths related to particulate matter 2.5 (PM2.5) in China [8]. The health
cost of air pollution in Beijing in 2020 was approximately RMB 6505.84 million, accounting
for 0.17% of its GDP [9]. Therefore, the issues of PM2.5-related health (PM2.5-RH) should
continuously concern scholars and government decision makers.
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In recent years, research on the spatiotemporal heterogeneities in air pollution-related
health has been carried out extensively at varying spatial scales. On the regional macro-
scale, Chen et al. explored the spatial-temporal variation of exposure to PM2.5 in Chinese
around the world [10]. Ji et al. explored the spatial heterogeneity of the sensitivities to
air pollution in 70 Chinese cities [11]. In addition, regional and seasonal variations in
exposure to PM2.5 were systematically analyzed [12,13]. A growing number of studies have
concentrated on Chinese urban agglomerations in recent years, especially in those regions
with serious environmental problems, such as the Beijing–Tianjin–Hebei region [14], the
Yangtze River Delta [15], and Central China [16]. These studies have strongly demonstrated
the spatiotemporal heterogeneities of the impact of air pollution on health at the regional
scale. On the other hand, the spatiotemporal variations in air pollution-related health were
associated with extensive and complex factors due to the differences in economic activities
and the natural environments [17]. It has been documented that nighttime light (NTL) [18]
and GDP [19] were negatively correlated with exposure to air pollution. Chen et al. put
forward that high population density worsens the local air quality [20]. There were also
obvious differences in the impact of the natural environment [21]. For instance, exposure
to air pollution along with high temperatures was likely to increase the odds of respiratory
mortality [22]. As one indicator of vegetation density, the normalized difference vegetation
index (NDVI) was obviously correlated with air quality, as well as improved health, due to
the functions of vegetation as absorbers and barriers to air pollutants [23,24]. There were
also reports documented that the public perception of air pollution might be inconsistent
with objective air quality, which was evaluated using scientific indices such as the air
quality index (AQI) [25]. Although there were regional differences in the intensity and
direction, the influences of the built environment on PM2.5-RH, such as parks, greenways,
and urban form, have been widely studied [26–30]. For instance, buildings create obstacles
and disturbances to the wind, which thus affect the air quality in urban areas [31]. Road
density, defined as the ratio of road surface area to city territory size, was negatively
correlated with particulate matter 10 (PM10) [32], the same as the result of the land use
mix [33]. Furthermore, additional improvements in air quality should take seasonality into
account, because factors may play different roles in different seasons [34,35]. These studies
showed that PM2.5-RH was impacted by multiple factors. However, with the limitation
of the currently available data, previous studies were mostly focused on either a single
factor or on large-scale regions. There were research gaps by ignoring combining multiple
factors or spatial heterogeneities at the fine scale. Further research is necessary to make
clear spatiotemporal heterogeneities of multifactorial effects of PM2.5-RH at the fine scale
within inner cities, which is conducive to providing targeted advice in urban planning [36].

Moreover, from the perspective of the data used in previous studies, statistical or
survey data were commonly employed, such as outpatient number, number of cases,
mortality, and health care costs [37,38]. However, it was difficult to access to above data, and
there were also limitations with the timeliness [39]. Furthermore, the health of susceptible
and sensitive individuals can be impacted even on low air pollution days [40]. Most of
the above indicators were targeted at already manifested diseases at the top of the health
impact pyramid [41], which may lead to ignoring those people who were in a sub-healthy
state or felt uncomfortable due to air pollution. Therefore, such statistical or survey data
cannot comprehensively reflect PM2.5-RH [11]. With the advantage of being easy to access,
timely, and rich in semantic information, social media data have powerful potential for
perceiving the health status of residents [42]. Twitter data have been used to aid in public
health efforts concerned with surveillance, event detection, pharmacovigilance, forecasting,
disease tracking, and geographic identification, demonstrating positive results [43]. It
was also found that health status reflected by social media data was highly correlated
with the actual number of cases [44]. As the most widely used social media platform
in China, Weibo has been widely applied to measure well-being, sensitivity, and health
effects related to heat waves, air pollution, and epidemics [11,45–47]. Moreover, the Weibo
platform supports users to share geolocation information anytime and anywhere. Although
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the spatial positioning of Weibo is uncertain [48], relevant studies have demonstrated its
ability to portray intra-city differentiation patterns when combined with traditional spatial
data [49]. It was widely used in population spatiotemporal behavior and natural disaster
management [49,50]. Thus, it provided an effective data source to explore the PM2.5-related
health within the city [51].

Therefore, our research intended to explore the spatiotemporal heterogeneities in
PM2.5-RH at the subdistrict scale and quantify the impact of the multiple associated factors
based on Weibo data and other multisource geospatial big data, taking Beijing, China, as
the study area. Specifically, this research had the following two objectives: (1) to mine the
real-time expressed health information related to PM2.5 in Beijing based on Weibo data;
(2) to explore spatiotemporal heterogeneities of factors associated with PM2.5-RH using
GWR models. The paper is organized as follows. Section 2 introduces the study area,
the materials, and the methods. Then, the results and comprehensive descriptions are
presented in Section 3. Section 4 discusses the findings of this paper in detail. Finally,
Section 5 concludes the research by summarizing the findings.

2. Materials and Methods
2.1. Study Area

Beijing is the center of politics in China, with a long history of civilization and cultural
integration. It covers an area of 16,410.54 km2, with plains accounting for 38.6% and
mountains for 61.4% [52]. The total population of Beijing was 21,886,000 at the end of
2021. With rapid economic development, air pollution has become an increasingly serious
problem in Beijing. It was estimated that the average concentration of Beijing’s PM2.5 in
2017 (116 µg/m3) was much higher than the WHO-recommended standard (10 µg/m3) [53].
The poor air quality had serious effects on residents’ health. This research highlighted the
spatial variations in PM2.5-related health at the subdistrict scale. According to the National
Earth System Science Data Center (http://www.geodata.cn, accessed on 20 November
2021), there are 328 subdistricts in Beijing, which are shown in Figure 1.
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2.2. Dataset and Methods
2.2.1. Extracting PM2.5-RH Based on Weibo Data

As one of the largest and most influential blogging sites in China [54], the Sina Weibo
platform has a predominantly young, educated, and engaged public audience [55]. Up to
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30 September 2017, the number of monthly active users on Weibo increased to 376 million
(https://socialone.com.cn/weibo-user-trends-report-2017/, accessed on 4 April 2022).
Although these digital reflections of reality could be biased and partial due to the differences
in user age, occupation, and geographic location [56], Weibo data continues to be one of
the most useful data sources in public health [51]. In this research, 11.79 million Weibo
items in Beijing in 2017 were obtained from the Weibo social media platform using web
crawler technology. Each Weibo item includes the ID, textual content, time, latitude, and
longitude. The PM2.5-RH was extracted based on the Weibo data following the procedures
listed below.

Firstly, those Weibo items about PM2.5-related health (PM2.5-RH) were extracted based
on the textual content in the Weibo data using the Bidirectional Encoder Representations
from Transformers (BERT) model [57]. As an unsupervised Transformer learning method
proposed by Google, BERT is a model trained with a large number of unlabeled texts that
can learn grammatical structures and analyze contextual relationships. For this purpose,
all the Weibo items were firstly filtered by such key words as ‘haze’, ‘cough’, ‘headache’,
and ‘breathing’. Then, a sample set of 10,000 items was selected randomly. Each item
was marked manually as 1 if the text content is related to PM2.5-RH, otherwise 0. For
example, people commented on the Sina Weibo platform about feeling discomfort due
to air pollution, with examples such as ‘The smog is killing my throat’ and ‘The heavy
pollution outside makes my lungs ache’. The labeled sample sets were divided into a
training set (80%) and a verification set (20%), which were input into the BERT model for
training and accuracy verification. A classifier with high accuracy was selected to input all
Weibo items into the training model for classification. By adjusting the learning rate and
the number of iterations, the overall accuracy of the BERT classifier was over 86%. A total
of 21,372 Weibo items were finally extracted by the BERT model.

Secondly, the numbers of above-derived Weibo items for each subdistrict were cal-
culated to indicate the PM2.5-related health at the subdistrict scale. Here, the Weibo
sites were geocoded by the latitude and longitude in the Weibo data. Then, it was over-
laid with the subdistricts to conduct the regional statistics. Moreover, as the sample
of Weibo user groups was biased according to the Weibo User Trends Report in 2017
(https://data.weibo.com/report/, accessed on 4 April 2022), the population proportion
(15–59 years old) was used to correct the number of extracted Weibo items. Based on
the cellular signaling data provided by Smartsteps (www.smartsteps.com, accessed on
15 November 2021), the proportion of people aged 15–59 was calculated respectively in
each subdistrict. Then, the PM2.5-RH was indicated by correcting the extracted Weibo items
based on the following formula.

yi = xi/ri

where i is the name of subdistrict in Beijing; y represents PM2.5-related health; x indicates
the number of Weibo items about PM2.5-RH; r denotes the proportion of the population
aged 15–59 in each subdistrict.

Finally, to explore temporal variations, this research divided the year into spring
(March–May), summer (June–August), autumn (September–November), and winter
(December–February), according to meteorology. All the PM2.5-RHs based on the Weibo
items were grouped into four categories by season based on the time in the Weibo data.

2.2.2. Deriving Associated Factors Based on Multi-Source Data

As mentioned above, multiple factors comprehensively affected the variations in
PM2.5-RH. By reviewing previous research [18–33], we selected eight associated factors
to explore the spatiotemporally heterogeneous in the determinate factors, including road
network density, land use mix, the Normalized Difference Built-up Index (NDBI), the
Air Quality Index (AQI), temperature, the Normalized Difference Built-up Index (NDVI),
nighttime light (NTL), and population density. All the original data were processed and
overlayed with the subdistricts in Beijing to obtain the variable values of each subdistrict in

https://socialone.com.cn/weibo-user-trends-report-2017/
https://data.weibo.com/report/
www.smartsteps.com
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different seasons. The detailed information of the data used in this research is summarized
in Table 1. The specific processing procedures are explained as follows.

Table 1. Data used in this research.

Data Resolution Time Usage

The Weibo data Vector 2017 (Daily) Extracting PM2.5-related health
(PM2.5-RH)

Remote sensing data MOD13Q1 250 m 2017 (16-Day) Extracting Normalized Difference
Vegetation Index (NDVI)

MOD09A1 500 m 2017 (8-Day) Extracting Normalized Difference
Built-up Index (NDBI)

MYD11A1 1000 m 2017 (Daily) Extracting Temperature (T)
VIIRS/NPP 500 m 2017 (Monthly) Extracting Nighttime Light (NTL)

OpenStreetMap Vector 2017 (Annually) Calculating road network density
Point of interest Vector 2017 (Annually) Calculating land use mix

World population dataset 1000 m 2017 (Annually) Calculating Population Density (PD)
Air quality monitoring station data Vector 2017 (Hourly) Calculating Air Quality Index (AQI)

Other basic geographic data Vector 2017 Mapping, drawing boundaries

NDBI, NDVI, temperature, and NTL were obtained from the satellite remote sensing
data. They were extracted through Google Earth Engine (https://earthengine.google.com/,
accessed on 10 November 2021), a platform powered by Google Cloud Computing that
provides global-scale geospatial information data-processing services [58]. It allows for
fast and parallel processing of large amounts of data resources, regardless of time and
geographical constraints. We calculated different factors by three products of MODIS data
and VIIRS_DNB data, which were extracted from GEE. Nighttime light data were provided
by the Earth Observation Group (https://eogdata.mines.edu/products/vnl/, accessed on
10 November 2021), which were monthly nighttime day/night band composite products at
a spatial resolution of 500 m. The other three MODIS products were provided by NASA
LP DAAC at the USGS EROS Center (https://lpdaac.usgs.gov/products/, accessed on
10 November 2021). Specifically, NDVI data were obtained from the MOD13Q1 products. It
had a spatial resolution of 250 m and a temporal resolution of a 16-day interval. NDBI data
were calculated based on the MOD09A1 products at a spatial resolution of 500 m and a
temporal resolution of an 8-day interval. The product contained matched-band 1-to-7 data
acquired by the MODIS sensor, using reflectance values from band 2 (0.841 µm to 0.876 µm)
and band 6 (1.628 µm to 1.652 µm) to calculate NDBI. Daily land surface temperature
products (MYD11A1) had a spatial resolution of 1 km. After all remote sensing data were
preprocessed (re-project, clip, and reclassify) using ArcGIS 10.6, all the variables were
seasonally averaged and overlaid with the administrative boundary of each subdistrict
variable. Finally, the quarterly values of four associated factors (temperature, NDVI, NDBI,
and nighttime light) for each subdistrict were obtained.

It has been demonstrated that point of interest (POI) accurately reflects the current land
use characteristics at a fine-grained level [59]. Based on the open API interface of Amap, a
total of 1,369,572 POI data in Beijing in 2017 were crawled. The data included 23 categories,
including: food and beverage services, scenic beauty, public facilities, business housing,
and shopping services. In this research, the Gini Simpson Concentration Index (q = 2) of
the Hill Numbers Biodiversity Index [60] was selected to measure the mixed distribution of
land in Beijing [61].

D = 1/

(
n

∑
i=1

P
2

i

)
where D represents diversity, n represents the number of POI species, and P indicates the
relative diversity, which can be area ratio or quantity ratio, etc. Parameter 2 was a rank,
which reflected the sensitivity of the diversity index to the species.

https://earthengine.google.com/
https://eogdata.mines.edu/products/vnl/
https://lpdaac.usgs.gov/products/
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The air quality index (AQI) presented six pollutants (PM10, PM2.5, SO2, NO2, CO, O3)
on a single rating scale that described the degree to which the air was clean or polluted [62].
The data were obtained from the online platform monitoring and analyzing air quality. As
the distribution of air quality-monitoring stations was scattered, the AQI was discontinuous
in the study area. Therefore, following the method of calculating air pollution products
on Geospatial Data Cloud (http://www.gscloud.cn, accessed on 2 November 2021), we
selected the Kriging interpolation method to produce the continuous data [63]. After
calculating the quarterly AQI of 12 air pollutant-monitoring stations, the spatial distribution
of AQI in Beijing was simulated by ordinary kriging interpolation. Finally, the quarterly
AQI of each subdistrict was obtained.

The road network data were obtained from OpenStreetMap (https://www.openst
reetmap.org/, accessed on 20 November 2021), with corresponding data cleaning and
deduplication. The method was to calculate the ratio of road length to the subdistrict area
by superimposing road network data and Beijing subdistricts. The population density data
in 2017 in Beijing were derived from the World Population Dataset (https://www.worldp
op.org/, accessed on 20 November 2021). Each grid (30 arc seconds, approximately 1 km)
represented the total number of people (unit: person/km2) within the area. It was obtained
after processing, such as a merger, transformation, and clipping.

In addition, all the administrative boundaries on the scale of 1:4,000,000 maps were
obtained from the National Earth System Science Data Center (http://www.geodata.cn/,
accessed on 2 November 2021). These boundaries were used to separate subdistricts for the
study area.

2.2.3. Geographically Weighted Regression Model

In this research, the spatial non-stationary relationship between PM2.5-RH and associ-
ated factors were quantified using the Geographically Weighted Regression (GWR) model.
The GWR model was proposed by Fotheringham et al., which extended the traditional re-
gression model (e.g., OLS) by adding regional parameters [64]. It obtained local parameters
rather than global ones, the former being functions of position and therefore varying with
space. The GWR model can be expressed as:

yi = β0(µi, vi) +
p

∑
k=1

βk(µi, vi)xik + εi

where (µi, vi) represents the coordinate location of the ith point, and k expresses the
independent variable number. yi, xik, εi, respectively, denote the dependent variable, the
independent variables, and the random error term at location i. β0(µi, vi) is the intercept
for location i, and βk(µi, vi) is the slope coefficient for xk at location i. The parameters were
estimated from:

β(µi, vi) = (XTW(µi, vi)X)
−1

XTW(µi, vi)Y

where β(µi, vi) represents the unbiased estimate of the regression coefficient. W(µi, vi) is
the weighting matrix which acts to ensure that observation near to the specific point have a
bigger weight value, and X and Y are matrices for independent and dependent variables.
The weighting function, called the kernel function, can be stated using the exponential
distance decay from:

ωij = exp(−
d2

ij

b2 )

where ωij represents the weight of observation j for location i, dij expresses the Euclidean
distance between points i and j, and b is the kernel bandwidth. If observation j coincides
with i, the weight value is one. If the distance is greater than the kernel bandwidth, the
weight is set to zero.

When conducting GWR models in this research, the covariance method was used to
test the collinearities between variables. The F-test was used to determine the existence

http://www.gscloud.cn
https://www.openstreetmap.org/
https://www.openstreetmap.org/
https://www.worldpop.org/
https://www.worldpop.org/
http://www.geodata.cn/
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of spatial non-stationarity in the variables’ association with PM2.5-RH. The adjusted R-
square was used to indicate the goodness of fit of the models. In addition, the t-test was
used to judge the significance of local regression coefficients. Figure 2 shows the research
framework in this research.
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3. Results
3.1. Spatiotemporal Variations in PM2.5-RH

Figure 3 shows the comparison between the observed AQI (yellow curve) and the
numbers of Weibo items about PM2.5-RH based on the BERT model (blue curve) in Beijing.
The study lasted from 1 January to 31 December, 2017, and was also divided into the four
seasons. AQI and PM2.5-RH shared the Y-axis. The Pearson correlation coefficients (PCC)
between PM2.5-RH and AQI were analyzed for each season and annually. It was used to
explore the relationship between the observed AQI and our extracted Weibo items about
PM2.5-RH, and further corroborated the reasonableness of our methodologies. It can be
seen that the correlation coefficient between annual AQI and PM2.5-RH was 0.274, which is
statistically significant at the 0.01 level. According to the correlation coefficients in the four
seasons, PM2.5-RH and AQI were significantly positively correlated in spring and winter,
with a small correlation in summer and autumn. The highest correlation coefficient was
found in spring, with a PCC value of 0.418. In general, the extracted PM2.5-RH based on
the Weibo data using the BERT model could be used to indicate PM2.5-related health.

Figure 4 shows the spatial variations in PM2.5-RH in the four seasons and annually.
It can be seen that the number of Weibo items about PM2.5-RH in Beijing varied greatly
across different seasons and subdistricts. The global Moran’s I of PM2.5-RH in spring,
summer, autumn, and winter were 0.52, 0.58, 0.48, and 0.50 (p-value < 0.001), respectively,
and that for the annual was 0.54 (p-value < 0.001), which indicates the significant spatial
autocorrelations in the spatial pattern of for PM2.5-RH. Namely, there were significant
agglomeration characters. The number of Weibo items about PM2.5-RH in urban areas
was more serious than that in suburban areas. Here, we used the average value as the
measuring index to select those subdistricts with more Weibo items about PM2.5-RH. Taking
the annual result as an example (Figures 4 and 5), the number of Weibo items about PM2.5-
RH was above 72 (the average value in the study area) in 35% of subdistricts, with the
highest PM2.5-RH (>100) accounted for in 26.9% of all the subdistricts. They were mainly
distributed within the Sixth Ring Road, especially on College Road in Haidian District,
which was as high as 470. Those subdistricts with the lowest level (<5) were primarily
located in the outer suburbs of Beijing, such as Huairou, Pinggu, Miyun, and Yanqing
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Districts, along with a few subdistricts in Fangshan District. The results reveal that there
were significant spatial disparities in PM2.5-RH between various subdistricts in Beijing.
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1 January to 31 December, 2017. Note: Pearson correlation coefficients (PCC). **: significant at the
0.01 level, *: significant at the 0.05 level.

The seasonal variations of PM2.5-RH can be compared in Figure 4a–d. In general,
the number of Weibo items about PM2.5-RH decreased in summer. The distribution of
PM2.5-RH in spring and autumn was similar. Specifically, the highest PM2.5-RH in spring,
summer, and autumn all occurred on College Road, with a high of 145 in spring and
a low of 93 in summer. Within the Sixth Ring Road, PM2.5-RH in southern subdistricts
increased in winter, while it was higher in northern subdistricts in spring and autumn. The
highest PM2.5-RH in winter was 115, which occurred on DongHuaMen Road. In winter,
PM2.5-RH was lower in subdistricts in outer suburban areas such as Huairou District and
inner suburban areas such as Mentougou District.
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3.2. Performances of the GWR Models

In this research, the GWR models were employed to explore the relationship between
the associated factors and PM2.5-RH, which were completed in GWmodelS. We constructed
five models with the dependent variable (PM2.5-RH) and eight independent variables in
the four seasons and annually, respectively, namely: road network density, land use mix,
NDBI, AQI, temperature, NDVI, NTL, and population density. Figure 5 shows the spatial
distribution of eight associated factors annually at the subdistrict level (only annual values
were shown due to the limitation of space).

To eliminate the influence of different units when conducting the models, all the vari-
ables were standardized. In addition, collinearity tests for the eight explanatory variables
were completed using SPSS 19.0. The VIF values of the eight explanatory variables were
all less than 10 in the four seasons and annually, indicating that there was no collinearity
between variables. We used the AIC criterion method to determine the optimal bandwidth
and construct the spatial weights as a Gaussian function. The results show that all five
models passed the F-test at a significance level of 0.01, indicating that the models as a
whole were spatially non-stationary. The adjusted R-square for all five models exceeded
0.5 (Table 2), with a good overall fit.

Table 2. The fitting tests and the performance of the GWR models.

Spring Summer Autumn Winter Annually

Bandwidth 40 26 28 40 28
AICc 2778 2628 2748 2695 3588

R2 0.57 0.66 0.60 0.61 0.64
Adjusted R2 0.51 0.59 0.53 0.55 0.57

F 30.42 ** 39.72 ** 29.14 ** 33.76 ** 36.14 **
**: significant at the 0.01 level (i.e., there was spatial non-stationarity).

3.3. Spatiotemporal Heterogeneities in the Associated Determinates

The five statistical values of minimum, maximum, median, mean, and standard
deviation of the regression coefficients for each factor were calculated and are summarized
in Table 3. It can be seen that the regression coefficients of the eight correlated factors vary
considerably, which intuitively reveals that they have distinct impacts on PM2.5-RH in
different seasons. For example, in spring, the temperature had a positive effect on the global
PM2.5-RH (mean 2.53), while NDVI showed an overall inhibitory effect (mean −7.27), and
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the effect was relatively greater. Specifically, the four associated factors of land use mix,
NTL, population density, and road network density showed positive effects in the study
area, while other factors showed different seasonal disparities.

Table 3. Descriptive statistics of the regression coefficients in the GWR models.

Season Temp NDVI Road
Network NTL NDBI Land

Use Mix AQI Population
Density

Mean

Spring 2.53 −7.27 1.57 6.29 −9.36 2.36 −0.54 8.47
Summer 3.88 −13.72 1.82 8.88 −11.66 1.74 1.86 5.86
Autumn 1.93 −5.00 4.32 5.76 −5.83 2.82 0.49 9.04
Winter −0.20 0.59 2.38 11.93 −1.56 2.39 −3.17 6.72
Annual 7.86 −20.95 8.09 34.01 −18.65 9.36 −12.69 29.12

Median

Spring 2.16 −5.38 2.71 6.82 −8.29 2.37 −0.76 8.01
Summer 3.24 −11.91 2.49 9.52 −9.94 1.71 0.46 5.72
Autumn 1.16 −3.66 4.93 7.45 −5.52 2.46 0.04 8.55
Winter −0.55 0.56 2.75 11.37 −1.27 2.31 −3.53 6.83
Annual 4.93 −10.94 11.93 35.49 −15.33 8.54 −13.07 29.14

Min

Spring −0.04 −23.46 −4.75 −2.39 −20.51 0.22 −5.09 2.77
Summer −0.42 −36.49 −4.86 0.80 −32.69 −3.30 −2.85 0.92
Autumn −3.34 −21.65 −2.97 −6.62 −16.51 −0.10 −4.46 1.44
Winter −2.04 −4.97 −4.08 8.43 −8.24 −0.99 −11.20 2.69
Annual −4.60 −94.70 −24.72 −4.21 −52.48 −3.86 −48.42 6.12

Max

Spring 8.08 2.36 5.54 11.76 −2.41 5.03 5.59 14.53
Summer 9.98 −0.30 8.50 13.90 −2.06 5.03 10.96 11.90
Autumn 8.87 3.45 10.68 11.83 −0.21 6.14 9.80 20.08
Winter 3.59 4.64 7.74 19.27 5.80 4.88 4.86 11.34
Annual 33.72 15.46 31.77 59.77 −3.71 23.70 14.79 54.41

Standard
Deviation

Spring 2.10 7.05 2.99 3.13 4.96 1.32 2.81 3.60
Summer 2.73 9.83 3.48 2.96 6.83 1.56 3.65 2.89
Autumn 2.83 6.56 3.29 4.42 4.16 1.48 3.04 4.64
Winter 1.15 2.09 3.12 2.50 2.56 1.22 4.33 2.01
Annual 9.63 28.15 14.27 13.62 11.41 6.31 14.90 12.51

The regression coefficients and the t-test value of each indicator for each subdistrict
were visualized to explore the spatiotemporal variations, which are shown in Figure 6.
The unlined regions in Figure 6 represent those regions where the t-values were between
−1.96 and 1.96, indicating a statistical insignificance. With the limitation of space, we have
selected the top three factors with large impact coefficients for each season to show the
spatial distributions. For example, the inhibitory effects of NDVI on PM2.5-RH increased
significantly in summer, especially in the central urban areas. In winter, AQI increased the
effects on PM2.5-RH. NTL, population density, and NDBI had greater effects on PM2.5-RH
in all four seasons, but with spatial disparities. The spatiotemporal heterogeneities of each
factor on PM2.5-RH were analyzed separately in the following.
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The two most significant factors contributing to PM2.5-RH were population density
and NTL, with t-tests of their regression coefficients both passing at over 70%. The spatial
patterns were also similar, with a high south and low north, with the central city larger
than the suburbs. Seasonally, the peak area of population density influence gradually
moved southward from urban areas. In addition, the effects of population density on
PM2.5-RH differed seasonally, being stronger in autumn and slightly weaker in summer.
The impacts of NTL on PM2.5-RH in Fangshan and Daxing districts were stronger in spring
and summer but increased in Chaoyang district in autumn and winter. Overall, the impacts
were much higher in winter (11.92) than in other seasons. NDVI showed a very significant
negative effect on PM2.5-RH in subdistricts close to urban areas, while there was a positive
trend in suburban Beijing. Among them, a significant negative correlation trend mainly
existed in the subdistricts of Chaoyang and Haidian Districts. From a temporal perspective,
the suppressive effect of NDVI on PM2.5-RH was more pronounced in summer (−13.72)
and weaker in winter (−0.59). The negative correlation effects of NDBI on PM2.5-RH
were similar to the spatial pattern of NDVI. Seasonally, there were significant suppressive
effects on PM2.5-RH in central and south-western Beijing, especially in spring. AQI had
both positive and negative location-specific spatiotemporal effects on PM2.5-RH in Beijing.
Among them, a positive correlation trend mainly existed in the northern part of Beijing,
such as Miyun, Huairou and Yanqing Districts. However, there was a significant negative
correlation trend between AQI and PM2.5-RH variation in the south-western districts of
Changping, Mentougou, and Fangshan. In the central areas, the correlations were negative
in spring and winter, but the opposite in summer and autumn. The higher the temperature,
the more serious PM2.5-RH in most parts of Beijing. In addition, in urban areas, especially
Haidian District and Chaoyang District, there were obvious positive effects. Road network
density significantly promoted PM2.5-RH in northwest Beijing. In terms of season, autumn
had the greatest influence (4.32), which was distributed in Haidian District. Land use
mix significantly promoted PM2.5-RH in the southern part of Beijing, especially in Daxing
District, but had weak effects in the northern part.

4. Discussion
4.1. Analysis on PM2.5-RH Based on Weibo Data

With an increasing number of people posting publicly to express their experiences
and attitudes toward air pollution, social media data can be a valuable resource to support
ambient air pollution monitoring [65]. Not only can its textual content be used to extract
information related to public health, but location can also support the extraction of intra-
city-scale data. They were also time-sensitive and broad. Although many efforts had been
made to extract the public health based on Weibo data [45–47,51], most of them overlooked
that social media data suffers from sampling bias [66]. In this research, we tried to correct
the errors by the proportion of the young population in the subdistricts and then explore
the spatiotemporal variations in PM2.5-RH at the subdistrict scale.

PM2.5-RH showed an obvious spatial pattern of agglomeration to the city center.
The high values were mainly distributed in subdistricts within the Sixth Ring Road and
less so in the outer suburbs of Beijing. The urban area of Beijing was more densely
populated, with 78% of the population located within the Sixth Ring Road. This indicated
that urban residents were more sensitive to air pollution and more adversely affected [67].
It was also due to the concentrated distribution of the population, which would lead to
more people posting microblogs in urban areas. In addition, PM2.5-RH showed different
seasonal variation patterns. The distribution of PM2.5-RH was more correlated with the
actual AQI in spring, and the fluctuation range of PM2.5-RH was larger in winter. The
general fluctuation of PM2.5-RH was much less in the summer, with the seasonal PM2.5-RH
minimums occurring in summer for most subdistricts. This indicated that residents were
less sensitive to air pollution in summer, especially in central urban areas. In summer,
the air was more mobile and pollutants are harder to collect [68], so the total weibo items
about PM2.5-RH were lower. In a previous study, air quality tended to be more severe
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in winter because of coal burning [14]. The results of our research show that the total
amount of PM2.5-RH was less in winter than in spring. This may be due to frequent
dust storms in northern China that occur mostly in spring, when PM frequently reached
peak levels [34]. Moreover, it indicated that there was a difference between the actual air
pollutant concentration and residents’ perception of air pollution. According to the 2017
Beijing Municipal Environmental Status Bulletin, Beijing experienced continuous heavy
pollution from March to April. Especially in late April, the air pollution alert level has been
escalating. Continuous exposure to air pollution increased residents’ negative responses to
air pollution on the Sina Weibo platform.

4.2. Relative Importance of the Associated Factors

Based on the GWR models, it was possible to compare the effects of various factors
across different subdistricts and in different seasons. The effects of the eight related factors
on PM2.5-RH in this study were spatially different at the subdistrict scale, as well as
heterogeneous in the seasons.

Those subdistricts that are densely populated and have high NTL were much affected
by air pollution. This was closely related to regional economic development. The finding is
in line with previous observations that higher population density worsens local air quality
due to human activities [20,69]. In this research, NTL had a high t-test pass rate, indicating
that its impact cannot be ignored. However, it was insignificant in most central urban areas,
which means that the relationships between PM2.5-RH and economic development are
rather complex. More in-depth subsequent research is deserved in the future. We can still
conclude that PM2.5-RH was higher in subdistricts with higher NTL. Our results show that
low PM2.5-RH was found in subdistricts with high NDBI in all four seasons. the building
density tended to have an adverse effect on air quality because of windless zones that are
not beneficial for pollutant dispersion [70]. However, building density and building height
have relatively limited and inconsistent effects in most cities [29]. It was documented
that building density was negatively associated with PM2.5-RH [30]. This may be due to
the limitations of the complicated mechanisms of pollutant dispersion and ventilation in
realistic 3D urban environments.

NDVI had obvious temporal heterogeneity in relation to PM2.5-RH, with the effect
stronger in summer. The influence was more significant within the Sixth Ring Road. As
vegetation has the potential to mitigate air pollution [23,24], higher vegetation coverage
could reduce residents’ discomfort with air pollution. In central urban areas, green space
has a more significant positive impact on improving public health [71]. In the densely
forested western region, due to low population density, the influence was relatively small.
It is worth noting that the influence of AQI increased significantly in winter, while the
influence of NDVI decreased significantly compared with other seasons. In addition to
the reduction in vegetation during winter, the AQI impact rose due to a large amount of
coal burned as a result of heating. Heating causes AQI to increase 1.4 times compared to
the seasonal average [72]. Interestingly, there was significant spatial heterogeneity in the
influence of AQI, with a positive effect in the northeast of Beijing and an opposite effect
in the south. This may be due to the spatial distribution of air pollution showing a high
southern and low northern profile [73].

In addition, the results for temperature, road network density, and land use mix were
relatively less influential. The higher the temperature, the more serious PM2.5-RH in most
subdistricts of Beijing. This is consistent with the findings of prior studies, which showed
that temperature is positively associated with PM2.5-RH. On social media platforms, higher
temperatures also led to more negative health ratings from residents. Land use mix was
shown to contribute to the PM2.5-RH overall in different seasons. A high percentage of
mixed land uses could also indicate a relatively high density of restaurants, shops, and
manufacturing facilities that may act as local pollution hotspots [30].
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5. Conclusions

Based on the social media Weibo data, the spatiotemporal variations in PM2.5-RH in
Beijing was mapped in this research. The GWR models were then employed to explore
the relationship between associated factors and PM2.5-RH in Beijing. This study further
demonstrated the feasibility of using social media data to study PM2.5-RH. In addition, this
research provided important insights into the seasonal impact of associated determinate
factors on PM2.5-RH. Importantly, eight associated factors discussed in this research showed
he seasonal variation in the spatially non-stationary effects.

Specifically, there were obvious spatiotemporal variations in PM2.5-RH in Beijing.
PM2.5-RH showed a spatial pattern of being greater in the Sixth Ring Road than in the
suburbs. There were also seasonal disparities in PM2.5-RH in different subdistricts. In
terms of the associated determinants, there were obvious spatiotemporal heterogeneities in
the impacts of factors on the PM2.5-RH. Factors such as road network, nighttime light, land
use mix, and population density showed positive impacts generally. There were negative
correlations between NDBI and PM2.5-RH in most subdistricts. The rest of the factors
(NDVI, temperature, AQI) varied in different seasons. In summer and spring, the influence
of NDVI on PM2.5-RH was stronger, with more significant negative correlations, especially
for subdistricts within the central urban areas. Population density and nighttime light
were significantly negatively correlated with PM2.5-RH. In high-density megacities with
strong economic activity, air pollution always had a higher adverse impact on public health.
Compared with other seasons, the impact of AQI on PM2.5-RH increased significantly in
winter. It was also interesting to find that the discomfort felt by residents in relation to air
pollution did not always correspond to the air quality. This may be an issue that needs
further study in the future.

Although this research quantitatively clarified the influence mechanism of multiple
factors on PM2.5-RH, there were still some limitations due to the complexity of the envi-
ronments and limited access to data sources. In addition to integrating other drivers for a
comprehensive analysis, different regulating strategies should also be proposed according
to the influence mechanism of effect in different subdistricts.
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