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Indoor air quality (IAQ) in semi-enclosed subway environments poses critical public health concerns.
This study investigates IAQ in the Shanghai subway system through year-round monitoring of PM, 5
and PM,q across representative stations. Concentrations of particulate matter (PM) were markedly
higher indoors, peaking during winter weekday morning rush hours, with indoor/outdoor ratios
exceeding unity. An interpretable machine learning model was developed to elucidate key factors
affecting subway IAQ, identifying platform screen door design and train frequency as dominant
influencing factors. By integrating the model with network-wide operational data and passenger
boarding records, we quantified city-scale PM levels and commuter exposure. Further analysis
incorporating point-of-interest data revealed that stations near residential zones exhibited the highest
exposure, while commercial density intensified pollution. These findings provide a system-level
assessment of PM exposure within urban rail transit and highlight the need for targeted ventilation and
operational strategies to enhance IAQ and safeguard commuter health.

Subway is a crucial mode of public transportation in metropolitan areas. As
of 2020, 193 cities have established subway systems worldwide, with a
combined network length exceeding 17,000 km'. However, concerns have
emerged regarding the indoor air quality (IAQ) in subways. Due to the semi-
enclosed environment of subway stations, the concentration of air pollu-
tants inside subway systems can be up to 2.2-10 times higher than the
outdoor levels™, posing significant public health concerns. This is parti-
cularly relevant for subway workers, regular commuters, as well as “green
travelers” who prioritize eco-friendly commuting options over personal
vehicles. Thus, there is a pressing need to evaluate IAQ and its influencing
factors in subways to safeguard the health of passengers and transit
employees.

Studies have categorized the origin of subway particulate matter (PM)
into indoor sources, which are generated from mechanical wear, human
activities'", and outdoor sources, which enter stations via natural/
mechanical ventilation from outdoors®'. So far, studies have identified
several key factors influencing indoor PM levels, including train arrival
frequency'™', the effectiveness of Heating, Ventilation, and Air Con-
ditioning (HVAC) systems*'**’, and platform design, such as the design of

platform facilities, the depth of the platform, and the height of platform
screen doors (PSDs)* ™.

While studies investigating subway IAQ are well-established, an
accurate assessment of its influences on city-wide commuter exposure risks
requires integrated spatiotemporal analysis on passenger traveling behavior
and passenger load distribution across the city-wide network holistically.
Sudrez et al.”’ compared PM exposure levels among subway, car, bicycle, and
bus commuters, demonstrating how the interaction between transport
mode choice and spatiotemporal routes can significantly influence personal
exposure. Similarly, biomonitoring data from Montreal revealed that peak-
hour commuting behavior (regardless of transport mode) leads to elevated
exposure risks due to increased passenger load and concentrated
emissions™. Parallel findings in Shanghai and Beijing subway systems fur-
ther confirmed that subway PM concentrations surge during rush hours,
underscoring that those who travel during air pollution peaks may experi-
ence higher exposure risk to PM”*,

Despite these advancements, most of the studies were based on
monitoring data, while comprehensive inference of the subway IAQ and its
passenger exposure across multiple subway stations and operation scenarios
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Fig. 1 | Overview of the methodology applied in this study. The data of this study
were collected at four underground subway stations in Shanghai for AM, noon, and
PM periods during weekdays and weekends for four seasons, followed by data pre-
processing and model selection. We selected Random Forest with SHAP value for

influencing factor analysis, applied the model to all the subway stations in the whole
city, and analyzed the association between the PM concentration, exposure, and the
point-of-interest distribution.

remains limited. The present study adopts the Metro system in Shanghaiasa
typical case (International Union of Public Transport 2022), with the
objectives involving: (1) investigating the influencing factors for PM, s and
PM;, at subway platforms during rush/non-rush hours across different
seasons; (2) analyzing the contributions from various factors to PM, s and
PM, using interpretable machine learning methods; (3) estimating city-
wide PM concentrations and exposure level across subway network, and
interpreting it with point-of-interest (POI) to discuss potential mitigation
strategies for subway IAQ as well as the health benefits for urban
commuters.

Results

In this study, concurrent real-time monitoring of indoor/outdoor (I/0)
PM, s and PM;, concentrations was conducted at four representative
subway stations with typical characteristics in the Shanghai Metro sys-
tem. It should be noted that other gaseous pollutants (e.g., VOCs, SO,
NO,, and O3) can also represent subway IAQ. In this study, we simply
refer to the monitored concentrations of PM, 5 and PM,, as subway IAQ,
given their ubiquitous prevalence and wide investigations in subway-
related studies. Measurements were taken during both rush (morning
and evening) and non-rush hours (noontime), on weekdays and week-
ends, across four seasons, allowing us to capture the variations in subway
PM levels and identify potential influencing factors. An interpretable
machine learning method was applied to identify and deconvolve the
main factors influencing the concentrations of PM, 5 and PM;, in sub-
way microenvironments, followed by a city-wide network estimation of
subway PM concentration and passenger exposure. Figure 1 provides an
overview of the methodology and its implementation in this study.
Novelty of the present study lies in a holistic view of both city-wide POI
and subway IAQ, which was predicted by an interpretable machine
learning model based on the long-term characteristic data from online
monitoring of indoor and outdoor PM at typical subway stations across
Shanghai, providing strategic evidence for future sustainable urban
planning and subway IAQ regulation.

Measured subway PM and key influencing features

The four stations selected for this study include Changshu Road Station
(CS), Changping Road Station (CP), Honggiao Railway Station (HQ),
and Zhongshan Park Station (ZS). These four stations are located on
Shanghai Subway Line 7 and Line 2, chosen for their strategic location,
design characteristics, and passenger demand. Detailed information on
these stations is provided in Fig. 2 and Table 1. CS and CP stations on
Line 7 are located in the central downtown area, with service starting in
2009 with full-height platform screen doors (full PSDs). ZS station on
Line 2 is also located in the city center but experiences much higher
passenger demand and is in a more aged condition with a half-height
platform screen door (half PSD) installed. The HQ station, located at the
end of Line 2 since 2010, serves as a hub connecting to the inter-city high-
speed railway and Honggiao Airport. Limited site samples may introduce
biased results. However, the selection of four sites can well represent the
typical types of underground subway stations. In addition, in order to
increase the amount of measurement data as much as possible, this study
chose to compensate for the sample size issue with measurement dura-
tion (i.e., the experiment lasted for 1 year). Studies with similar or smaller
sample sizes can be found in existing literature®**.

Figure 3 illustrates the average indoor and outdoor PM concentrations
at the four studied stations (CS, CP, HQ, and ZS) across different seasons.
Attention should be given that PM concentration at the ZS site was found to
be significantly higher compared to the other sites, with 16-126 pg/m’ and
26-287 ug/m* for PM, 5 and PM,, (data refer to Table S1), respectively,
which can be attributed to the half PSD that separates the rail track from the
standing area while CS, CP, and HQ stations all have full PSD installed. This
is consistent with previous studies showing the important role of PSD in
controlling platform PM levels inside subway microenvironments™*"”. On
the other hand, the ZS station has been in operation for a significantly longer
duration (over 20 years) compared to the other three stations (nearly 10
years), which may also elevate PM concentration with the aging facilities™.
The average concentration of PM, s and PM; across the four selected sites
in this study was 51.9 ug/m’ and 101 pg/m®, respectively.
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Fig. 2 | Sampling sites on Line 7 and Line 2 of the Shanghai subway system. Four stations were selected: CS (Changshu Road Station) and CP (Changping Road Station) are
located on Line 7. HQ (Honggiao Railway Station) and ZS (Zhongshan Park Station) are located on Line 2.

Table 1 | Characteristics of the stations chosen for
measurement

Line # Station Platform Service Track- Transfer
type® time platform station
separation
7 CS Island Dec, 2009  Full PSD No
CP Side Dec, 2009  Full PSD No
2 HQ Island Jul, 2010 Full PSD Yes
zZS Island Jun, 2000 Half PSD Yes

“Island refers to one platform at the center and the rail tracks on both sides; side platform refers to
two platforms at each side with rail tracks in the center.

PM, s and PM;, concentrations during rush hour and non-rush hour,
and their corresponding I/O ratios, are presented in Fig. 3. Concurrent
outdoor concentrations of PM, s and PM;y during rush hour and non-rush
hour are provided in Fig. S1 as a reference. Data collected at the CS, CP, and
ZS stations showed that PM concentrations measured during rush hour
were higher than those measured during the non-rush hour (average con-
centration of PM during rush and non-rush hour can be seen in Table S1).
Such a characteristic is similar to what has been reported in previous studies.
For instance, the rush-hour PM, 5 concentration in Suzhou was measured to
be 265pg/m’, being significantly higher than the non-rush-hour
concentration™. A study in Shanghai also identified concentration peaks
of PM, 5 and PM; o during rush hour, which appeared at 7:00-10:00 am and
4:00-7:00 pm'*. It is worth noting that the diurnal variation of PM at HQ
was distinct from the other three stations, which had the highest con-
centration during morning rush hour, followed by noon and evening. This
can be attributed to the special function of HQ, which connects to inter-city
high-speed rail and the international airport with an extended layout, and
the daily maximum passenger flow is expected in the morning rush hour.
The variation in I/O ratios of PM, 5 and PM;, during rush hour and non-
rush hour is presented in Fig. 3b. The average values of the I/O ratio for
PM, s and PM, , measured at four different stations were above 1, indicating
a generally higher PM level inside the subway microenvironment compared
to the outdoor environment. Comparing the I/O ratio at different times of
the day, the I/O ratio in the morning rush hours was slightly higher than the
I/O ratio at noontime and evening, which coincides with the variation of
outdoor PM, and this might result from the enhanced particle resuspension
from passenger movement and crowding during this rush hour.

Feature importance analysis for subway indoor PM
Multiple internal and external factors can influence PM inside the subway
microenvironment™ ™. According to existing literature and our

observation during the monitoring campaign, we considered the day of the
week, time of day, door type, depth, train arrival interval, meteorology
(obtained from the Bureau of Meteorology of Shanghai), passenger flow
(obtained from Shanghai Government Data Portal), and outdoor PM, s and
PM;, concentrations (obtained from Shanghai Air Quality Monitoring
Station) as influencing factors for subway indoor PM concentration. Table 2
details the processing of the raw data. Data regarding the four subway
stations were subjected to a chi-square test, which indicated significant
differences (p < 0.05) in PM concentration among these factors (Table S2).

The Random Forest (RF) Regression and Shapley Additive Explana-
tions (SHAP) value analysis were applied to quantify the relative con-
tributions and feature importance of different factors to the PM
concentration inside subway stations, as shown in Fig. 4. Door type, outdoor
PM0, and train arrival interval were identified as the highest importance,
suggesting that indoor mechanical wear and the exchange of outdoor air
have the highest association with subway indoor PM. Other notable factors,
including outdoor temperature, depth, and passenger flow, were also found
to play an important role, with different rankings for PM, s and PM,j,.
Furthermore, Spearman’s correlation analysis was performed on these
feature values to determine the direction of their impacts on PM, s and PM, o
(Table S3). The results reveal that there is a positive and significant corre-
lation between indoor PM and door type (0.62, p < 0.05) and outdoor PM;,
(0.44, p < 0.05), with a negative correlation with train arrival interval (—0.43,
P <0.05), which aligns with the findings from the SHAP analysis.

The Partial Dependency Plot (PDP) was further adopted to investigate
the marginal effect of the top influencing factors on PM, s and PM; inside the
subway (Fig. 5). An abrupt decline of PM, 5 and PM;, concentrations can be
found along with the enhancement of the screen door height (Fig. 5a, d),
showing that a lower subway PM level can be achieved with the isolation
between the train track and passengers on the platform using PSD. Figure 5b, e
illustrates the effects of outdoor PM pollution on indoor PM, s and PM; . As
outdoor PM,, increases, the SHAP value for both indoor PM, 5 and PM;,
exhibits a close to linear increase, indicating that higher outdoor PM con-
centrations are associated with higher indoor PM concentrations. In contrast,
Fig. 5¢, f demonstrates the negative marginal effects of train arrival interval on
indoor PM, 5 and PM,. The results show that indoor PM concentration
decreases notably as the train arrival interval increases, further supporting the
finding that subway mechanical wear is one of the major influencing factors to
the subway IAQ.

Machine learning-assisted estimation of city-wide subway PM
and exposure

This section evaluates the city-wide spatial distribution of PM, s and PM;,
across subway stations in Shanghai and investigates their associations with
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Fig. 3 | Indoor concentrations and PM I/O ratio. a PM, 5 (yellow) and PM,, (blue) at four stations in the morning (rush hour), noon (non-rush hour), and evening (rush
hour) across four seasons; b the I/O ratios of PM, 5 (yellow) and PM,, (blue) at four stations in the morning, noon, and evening across four seasons.

Table 2 | Details of each variable before analysis

Feature factors

Data source and pre-processing

Passenger flow

The daily passenger flow across different stations from October 21 to October 27, 2023, was estimated based on the scaling coefficients derived
from the available passenger flow data on January 15, 2018 (Shanghai Government Data Portal).

Day of the week Weekdays and weekends.

Time of the day Morning rush hour (7:30 am to 9:30 am), noontime non-rush hour (10:00 am to 3:00 pm), and evening rush hour (4:30 pm to 8:00 pm).
Door type The automatic screen door type on each platform is sorted according to the height of the screen door, from half to full.

Depth The excavation depth of the standard section was surveyed by personal conversation with subway staff. This study classified the depth (in

meters) into three levels using the K-means clustering method.

Train arrival interval

The time interval between two consecutive trains arriving at the station was derived from the official website of Shanghai Subway (https://service.
shmetro.com/hcskb/index.htm).

Outdoor PMy 5 Concurrent outdoor PM, 5 near each subway station. The data was derived from the Shanghai Air Quality Monitoring Station, with spatial
connection assigned by ArcGIS.

Outdoor PMyq Concurrent outdoor PM4q near each subway station. The data was derived from the Shanghai Air Quality Monitoring Station, with spatial
connection assigned by ArcGIS.

Temperature Temperature outside each subway station, which was derived from the Shanghai Meteorological Bureau, with spatial connection assigned by
ArcGIS.

RH (Relative Humidity) RH outside each subway station, which was derived from the Shanghai Meteorological Bureau, with spatial connection assigned by ArcGIS.

the surrounding urban living environment. By applying the fitted RF model
established in Section 2.2, PM, 5 and PM,, concentrations were estimated
across all subway stations in Shanghai. Passenger exposure to PM, 5 and
PM; o was also estimated using the equation E = N x C x IR x ET where Eis
the total daily exposure of the group (ug); N represents the number of
passengers; C is the calculated PM concentration inside the subway (ug/m’);
IR is the inhalation rate, which is identified as 0.498 m*/h according to the
China Population Exposure Manual"'; ET is the exposure time at the subway
platform, which took the passenger waiting time, as half of the subway
headway (hour) by assuming that passenger arrival time is independent
from train arrival time. We further transfer the absolute exposure to the
relative exposure level based on the quantile of the absolute for a clear
comparison across spatiotemporal spans.

A spatial visualization of subway PM and the exposure level integrated
with multiple categories of POI (Fig. S2), including residential, healthcare,
education, and commercial, was performed. As illustrated in Fig. 6, each
subway station was represented using the hexagonal unit, and the color
intensity represents the estimated PM, 5 concentration (Fig. 6a—c) or pas-
senger exposure level (Fig. 6d-f) during rush hour and non-rush hour on
weekdays. Other distributions of PM, 5/PM;, concentration and exposure
level on weekends and weekdays can be found in Figs. S3-S6.

The concentrations of PM, s and PM;, were significantly higher during
the morning and evening rush hours compared to non-peak hours at noon
on weekdays across the entire city (Fig. 6a—f). However, it should be noted
that passenger exposure to PM, s and PM; o showed distinct patterns during
the investigated time periods, which demonstrated a higher exposure
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burden during the noontime and evening rush hours. Compared with rush
hours, the decrease in train departure frequency during non-rush hours at
noon significantly prolongs passenger waiting time. Although the instan-
taneous PM concentration could be relatively low during noontime, the
prolonged platform occupancy time leads to an increase in exposure levels
over noontime. Therefore, the PM exposure on subway platforms during
non-rush hours at noon exceeded the value during rush hours in the
morning, highlighting the need for excessive ventilation during the noon
non-peak.

Based on the overall distribution of all four types of POIs across
Shanghai (Fig. S2), the total area and number of the four different POIs are
summarized in Fig. 7a, b, respectively. The associations between different
types of POIs with PM concentrations and exposure levels were analyzed
using Spearman’s correlation (Fig. 7, Tables S4 and S5). During weekdays,
the correlations between the number of residential POIs and the con-
centrations of PM, 5 and PM; o were relatively low and mostly insignificant.
However, during the noon period on weekdays, the correlations for both
PM,s and PM;, become significant (p < 0.05), indicating that a higher
pollutant exposure is associated with an increased residential area around,
which can be attributed to a higher passenger volume as illustrated by the
linear regression analysis (Fig. S7) and Pearson correlation analysis (Fig. S8).
The correlation pattern for healthcare and educational POIs was found to be
similar, such that the association becomes higher at noontime compared to
morning and evening (p < 0.001). Over the weekend, the overall correlation
for healthcare and educational POIs increases, especially during noon and
evening, indicating higher pollutant concentrations in subway areas around
healthcare and educational districts during these periods. Pearson’s corre-
lation test (Table S6) shows that the distance to the nearest healthcare spot is
negatively related to the exposure level at a 95% confidence interval, espe-
cially during the period of weekday noon. The finding highlights that a
higher vulnerable group at healthcare locations is more likely to be exposed
to the indoor PM at subway stations. Special attention should be given to
those stations regarding their cleanness, retrofitting, and ventilation.

In addition, the present study included area and number-weighted
average PM concentration and exposure, which quantifies the combined
effects of both concentration intensity and spatial distribution, as illustrated
in Fig. 7, d (details can be found in Figs. S9-S12). After normalizing the data
using residential areas, it was found that healthcare POIs showed the most

significant association with the area-weighted average PM concentration,
followed by commercial areas, education areas, and residential areas. In
terms of PM exposure assessment, the overall trend for healthcare and
commercial zones aligned with concentration levels, significantly exceeding
those of education and residential areas. The POI number-weighted analysis
provided an additional perspective, which also indicated that commercial
areas contributed the most regarding pollution concentration and exposure
risk. Commercial areas, despite their limited spatial distribution, exhibited
the strongest association with pollution, a trend particularly pronounced
during weekends due to shopping activities, where exposure risks increased
significantly.

Discussion

This study investigated the spatiotemporal variations of PM, 5 and PM;,
across typical subway stations in Shanghai and identified key factors
influencing indoor PM levels through interpretable machine learning
approaches. The trained machine learning model was applied to visualize
city-scale concentration and exposure level of subway PM with POIs. PSD
type, outdoor PM, and train arrival frequency are identified as dominant
influencing factors to subway indoor PM variability based on the machine
learning analysis, highlighting the urgent need for infrastructure upgrades,
such as retrofitting aging stations with full PSD systems, optimizing HVAC
efficiency, and adopting cleaner rail materials to reduce mechanical wear.
Additionally, tailored strategies for high-risk POI zones, such as commer-
cial, healthcare, and educational areas near city centers, should be prioritized
by enhanced real-time air quality monitoring, ventilation, and public
awareness to realize the public health benefits of green travelers in
urban areas.

The findings from this study indicate that subway PM can be mainly
divided into indoor sources, which are mainly contributed by in situ wheel-
rail wear, brake pad wear, and pantograph/contact grid wear'""****’, and
outdoor sources, including indoor and outdoor air exchange via the ven-
tilation system and entrance®*’. Higher levels of PM concentrations during
rush hours with increased passenger demand, as well as in colder seasons
when outdoor air pollution levels were observed in the current work.
Compared to the previous work (Table S4), the PM, 5 concentration in
Shanghai subway stations was observed to be higher than those measured in
Chengdu (7.33-82.69 pug/m’)*, Tianjin (35.5-43.6 pg/m’)', and Beijing
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(20-90 pg/m*)”, but lower compared to New York (6.81-317.2 ug/m’)*,
Boston (7.2-638 pg/m’)*, and Washington (5.0~720 pg/m’)*°. Given their
varied industrialization and economic development levels, this comparison
provides a global view of the subway station indoor IAQ across the world.
Overall, the PM level in Shanghai subway stations falls into the higher range,
especially for stations like ZS where half PSD is installed.

By performing the influencing factor analysis, train arrival interval and
PSD type, both associated with the dispersion of indoor mechanical wear,
were ranked as the dominant PM sources on subway platforms. Physical
separation (i.e., full PSD) between the subway train and the platform could
be the most effective method to reduce passenger exposure to PM'*”. In

addition, PSDs also help isolate other types of airborne pollutants, such as
bioaerosols. Hwang et al.*® reported that the bacterial concentrations in
Korean stations without PSDs were higher than those with PSDs. Based on
findings from this study, we advocate for the renovation and installation of
full PSDs, especially in aged subway stations, to improve the health benefits
of passengers.

Another critical message delivered by the current study is that the
influences come from the infiltration of outdoor PM, 5 and PM,, by pas-
senger flow and the indoor-outdoor air exchange facilitated by mechanical
ventilation systems in the semi-enclosed subway microenvironments'****’.
Meanwhile, HVAC systems, which effectively filter indoor PM, can reduce
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indoor PM concentrations by up to 30% when in operation'’. Hence,
upgrading or renovating HVAC systems can significantly reduce indoor PM
levels and control the potential impacts from outdoor air pollution on
subway indoor PM levels. Furthermore, regular cleaning activities, such as
mopping and vacuuming, have also been shown to effectively reduce PM
concentrations in subway stations****",

Here, we also observed that a higher train arrival frequency is asso-
ciated with a higher level of subway PM. When the interval between train
arrivals is shorter than 4.35 min, the impact on PM becomes more pro-
nounced. In such cases, a significant amount of PM generated by brake wear
and air exchange between the tunnel and platform cannot be adequately
filtered by the HVAC system in a timely manner. The piston wind effect
caused by the coming train will resuspend the particles, resulting in per-
sistently high PM concentrations at the platform. Moreover, while reducing
train intervals may help mitigate PM accumulation, prolonged waiting
durations on the platform can raise the overall exposure levels for com-
muters. Consequently, an optimization of train arrival frequency is highly
needed in different subway systems around the world.

This study also highlights passenger exposure across a variety of POIs
when addressing the improvements of subway IAQ. Residential areas tend
to be the most vulnerable places in terms of subway PM exposure. Another
finding from Beijing also depicts that residential quarters are one of the
highest POIs that exhibit high individual exposures to NO, and PM, 5 for
cyclists™. These findings underscore the significance of improving both
indoor and outdoor air quality around residential POISs for the safeguarding
of green commuters. While for areas such as commercial, educational, and
healthcare zones, where higher PM concentrations are present due to the
proximity of dense traffic and pollution sources, the exposure falls much
lower than that of residential areas. Kan et al.” integrated traveling trajectory
GPS records with personal exposure analysis, revealing the necessity of
considering the spatiotemporal services of traveling facilities into the
exposure, besides individual traveling diaries. Although the referred study
focuses on road traffic, its result is consistent with our study, which suggests
that improved train scheduling and the operation of the HVAC system
inside the station should be further investigated with the combination of
daily traveling distribution across different land use types.

In recent years, vigorous efforts have been made to promote sustainable
urban travel. However, as one of the primary modes of urban transport,
subways often have higher air pollution levels than outdoor environments,
raising concerns about social equity and public health**~**. It is thus crucial
to ensure that passengers, who play a key role in supporting green urban
transport, are protected from excessive exposure. This study highlights the
need for protecting subway passengers and workers from poor IAQ. Future
improvements should be function-specific, considering the unique chal-
lenges posed by the characteristics of the stations and the impact of different
types of POIs. A comprehensive approach, integrating technological
upgrades like full PSD installations, HVAC improvements, and real-time air
quality monitoring with urban planning and public health measures tailored
to POI distributions, can ensure healthier environments for subway pas-
sengers and workers.

It should be acknowledged that this study has a limitation on the
spatiotemporal scope of PM across subway lines and train cabins, and a
more accurate prediction result is limited by the number of study sites and
the data spatiotemporal resolution. In addition, estimated passenger flow
data may not accurately represent actual ridership during the measurement
periods (2023-2024), further contributing to potential modeling deviations.
To minimize such errors in future research, direct on-site monitoring of
these parameters using appropriate instrumentation is strongly recom-
mended to enhance data accuracy and model reliability. Integrating com-
position and health risk assessments of PM toxicity will further elucidate the
public health implications of prolonged exposure in subway micro-
environments. It is worth noting that the mechanism by which POI affects
the exposure level at indoor subway platforms remains unclear due to the
lack of full-chain passenger activity data. Addressing these gaps will support
the formulation of holistic policies to achieve equitable air quality

improvements, aligning with global efforts to promote sustainable and
health-conscious urban transit systems.

Methods

Field measurement

The Shanghai Metro system is currently the longest metro network
(808 km) with one of the highest annual passenger loadings in the world.
From 2023 to 2024, the study was divided into four distinct phases to capture
seasonal variations, with each phase consisting of 2 weeks real-time mon-
itoring of indoor and outdoor subway air quality (March 20th-April 2nd,
July 17th-July 30th, October 16th-October 29th in 2023, and January
8th-January 21st in 2024 representing spring, summer, autumn, and winter,
respectively). During the first week, measurements were conducted from
Monday to Sunday at CS and CP stations in Line 7. In the second week,
measurements were shifted to HQ and ZS in Line 2. Line 2 is a conventional
railway started from 2000 with mostly half PSD installed, while Line 7 is
relatively new, started from 2009 with full PSadopted the RF model to
estimate the PM concentration based on the model performanceD installed.
On each monitoring day, real-time recording of both subway platform IAQ
(PM, 5, PM;0, RH, temperature) and nearby outdoor air quality (PM, s,
PM;0, RH, temperature) was performed. The location of the monitoring
devices was chosen according to undisturbed measurement from nearby
traffic. Inside the subway, the platform monitoring site was set 3 m away
from the PSD. The outdoor monitoring site was set at the nearest entrance of
the target platform, both 3 m away from the main street and the subway
entrance.

All tests took place during three distinct time periods, including
morning rush hour (7:30 to 9:30 am), non-rush hours (10:00 am to 3:00
pm), and evening rush hour (4:30 to 8:00 pm). Two portable PM monitors
(Dylos, DC1700-PM air quality monitors) were used for simultaneous
measurements of I/O PM, s and PM; o during each test. The PM inlets were
placed at roughly 1.5 m above the ground level to represent normal pas-
senger exposure height. The Dylos PM monitors were calibrated against a
Tapered Element Oscillating Microbalance combined with a Filter Dynamic
Measurement System (TEOM-FDMS, TEOM 1405-F, Thermo Fisher Sci-
entific Inc., USA) across four seasons (Fig. 8).

Influencing factor data processing

Influencing factors that were included in this study cover different passenger
demand, temporal variations, design of the platform, train operations,
outdoor air quality, and meteorology. The processing of the data is listed in
Table 2.

The passenger flow across all stations in Shanghai between October
16th and 22nd, 2023, when our PM data were monitored, was estimated by
applying the scaling coefficients (Eq. 1) derived from available passenger
data for Shanghai subway stations on January 15th, 2018. The resulting data
were considered as representative of the passenger flow across station
platforms in Shanghai from Monday to Sunday during the observation
period in the present study.

Q(x.2023)
A(x,2023) = Q(x o) 9(x,2018) 1)

Where x is the day of the week; q, 5,3 is the passenger flow of a certain
platform in 2023; g, 5,4 is the passenger flow of this platform in 2018;
Q(x2023) Is the passenger flow of the corresponding line at this platform on a
certain day in 2023; Q, 595 is the passenger flow of the corresponding line
at this platform on a certain day in 2018.

In this study, outdoor PM,s and PM;, concentration data were
obtained from measurements conducted at various monitoring stations
under the Shanghai Air Quality Monitoring Network, while outdoor tem-
perature and relative humidity (RH) data were provided by meteorological
observation stations operated by the Shanghai Meteorological Bureau. To
establish an association model between metro stations and ambient envir-
onmental factors, we first integrated geographic information from air
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quality monitoring stations, meteorological observation stations, and
Shanghai metro stations within the ArcGIS Pro platform. Based on spatial
proximity principles, buffer analysis and nearest-neighbor matching algo-
rithms were applied to spatially link each metro station with its corre-
sponding nearest air quality monitoring station and meteorological
observation site. This spatial matching process enabled the assignment of
outdoor PM, 5, PM;, concentrations, temperature, and RH values to each
metro station, thereby establishing a data foundation for subsequent
exposure assessments.

Interpretable machine learning model

Both RF and Logistic Regression (LR) were used for PM prediction in this
study. The RF model aggregates the prediction results of multiple decision
trees to generate the final output. Each individual decision tree employs the
mean square error (MSE) as the splitting criterion, and the model iteratively
selects the optimal features and segmentation points by minimizing the
MSE. The final prediction is obtained by averaging the outputs of all deci-
sion trees (Eq. 2):

1 < 1 <

I =7 2,3 = 5D ) @
Where y, and y, are the predicted concentration of PM, s and PM;¢; x is the
features; T is the number of decision trees in the RF, and in this article, the
optimal number of decision trees is determined to be 200 through grid
search; hy,(x) and h,,(x) are the predicted value of PM, 5 and PM, for the
tth tree.

For the LR model, input feature values are linearly combined, and the
results are mapped to probability values using the Sigmoid function (Eq. 3):

1
+ e—(Wa+W1x1 +w2x2+~'+wpxp)

Py = 1|9€)=1 (€)

Where P(y = 1/x) is the probability that the target y takes on a value of 1
given the feature x; w is the model weight; x is the feature. The model

optimizes weights by maximizing the logarithmic likelihood function
(Eq. 4):

N
Lw) = _ [y;loglog(P(y; = 1|x,)) + (1 — y) loglog(1 — P(y, = 1|x)))] (4)

i=1

Due to the requirement for categorical variables in LR, PM, s was
categorized into 0-35pg/m?® 35-75pg/m’, and >75pg/m’. PM;, was
categorized into 0-75 pg/m’, 75-150 pug/m’, and >150 pug/m’ (Ambient Air
Quality Standards (GB 3095-2012)). We compared the performance of the
RF model and the LR model, and eventually adopted the RF model to
estimate the PM concentration based on the model performance (illustrated
in Fig. 9).

The SHAP value analysis was applied as the explanation of the trained
RF model®. The SHAP value not only indicates the contribution of each
feature to the model’s prediction, but also helps identify key influencing
factors. When applying the SHAP value (Eq. 5).

_ ISPAFI = 1SI = D!
(P P
SCF{i}

- (fSutih) - f(9) (5)

Where F is the set of all features; S is the feature subset, S C F; @; is the
Shapley value of the feature for the input x; f{S) is the predicted value of the
model under the feature subset S; |S| is the size (number of features) of
the feature subset S. W is a weight term used to fairly allocate the
contribution of feature i. In éddition, in order to better evaluate the marginal
effects of each feature, we also used PDPs to explore the marginal impact of
influencing factors on the prediction results.

Model application for the network subway indoor PM estimation
To apply the trained model for PM concentration prediction in the
Shanghai subway, relevant features were collected from various subway
stations (in addition to our four studied stations) in Shanghai, including
“Passenger flow,” “Temperature,” “Day of the week,” “Time of day,” “PSD,”
“Depth,” “Train arrival interval,” “Outdoor PM, 5,” “Outdoor PM,,” and
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“Relative Humidity.” These data were then processed in the same way as
described in Table 2. In addition to the estimated concentrations of PM, 5
and PM;, we calculated the PM exposure inside the subway using Eq.6 for
the estimated PM concentration:

E=NxCxIRXET 6)
Where E is the total daily exposure of the group (ug); N represents the
number of passenger; C is the calculated PM concentration inside the
subway (ug/m’); IR is the inhalation rate, which is identified as 0.498 m’/h
according to the China Population Exposure Manual™’; ET is the exposure
time in the subway (h). In this study, the exposure time is defined as the
waiting time of passengers on the platform, which was approximated as half
of the average train arrival interval during each observation period.

Spatial distribution of subway PM, s and PM;¢ and its association
with urban point-of-interests

Following the successful development and validation of our predictive
model, this study quantified the average PM concentrations across multiple
subway stations in Shanghai across six distinct temporal segments: morning
rush hours, midday off-peak periods, and evening rush hours for both
weekdays and weekends. To effectively communicate the spatial and tem-
poral variations in PM concentrations and associated exposure levels, we
employed advanced geospatial visualization techniques using ArcGIS Pro
(version 3.1.5). The map of Shanghai city was first segmented into regular
hexagonal grids, each covering an area of 1 km’. This grid system allows for
an effective integration of the predicted PM data with specific spatial loca-
tions, enhancing the accuracy of spatial analysis. The data aligned with these
hexagonal grids were utilized to highlight regions exhibiting either elevated
or reduced PM concentrations and passenger exposure. Additionally, POI
data obtained from OpenStreetMap, including residential, educational,
healthcare, and commercial areas, were incorporated into the GIS mapping.
This integrated approach not only assesses IAQ across the entire Shanghai
subway network but also identifies functional areas that may correlate with
the concentrations of PM, s and PM; . To further evaluate the impact of PM
on the subway near different types of POL, including PM concentration and

PM exposure level, this study estimated the POI area and POI number-
weighted PM concentration and PM exposure (Egs. 7-10)

Dimt (area(POI,i) X PM:‘)

PM = (7)
POI—area weighted Z?: \area oy ;)
ME S (area(pO,vi) x PM Exposurei) ®
Xposure Chied =
p POI—area weighted Z :!: |areapoy )
S (number(POLi) X PM,-) ©

PM,, ) =
OI—number weighted n

> number poy ;
i=1 (POL,)

S (number(l,om x PM Exposure,.)

PM Exposure ; =
POI—number weighted n
. iy numberpop

(10)

Wherearea oy ;) represents the total area of a certain type of POI within the i
hexagon; PM; and PMExposure; the PM concentration or PM exposure of
the i hexagon; number pqy ;) represents the number of POIs of a certain type
within the i hexagon.

Data availability

The datasets generated and/or analyzed during the current study are not
publicly available due to regional security issues, but are available from the
corresponding author on reasonable request and with the permission of the
Shanghai Government Data Portal.

Code availability
The underlying code for this study is available to qualified researchers on
request from the corresponding author.
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