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Abstract
Traffic-related activity patterns, including transportation mode choices and time spent in transit, critically influence 
individuals’ exposure to air pollution. This study analyzed data from three cross-sectional surveys conducted in 
Lanzhou, China (2015-2020), to investigate variations in transportation behavior and their impact on daily 
cumulative PM2.5 inhalation exposure. Results showed that walking was the most frequently used mode, accounting 
for over 70% of trips, while car use involved the longest average travel time - exceeding 60 min per day. However, 
trends in mode share and usage time were not synchronized, and the use of different transportation modes was 
interrelated. Sociodemographic factors and built environment features near homes and workplaces were 
dynamically associated with transportation behaviors. Time spent in transit had the strongest influence on 
cumulative daily exposure, explaining more than 90% of the variation across modes. Open modes of transport 
were linked to the highest exposure levels due to elevated pollutant concentrations and increased inhalation rates, 
whereas car transportation resulted in the lowest exposure despite its longer duration. These findings underscore 
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transportation policies and infrastructure planning should align mobility objectives with public health priorities.

Keywords: Traffic-related activity, behavioral variations, transportation mode, cumulative inhalation exposure

INTRODUCTION
Air pollution is a major global environmental and public health concern due to population-wide exposure 
to a variety of toxic agents[1-3]. Approximately 50% of all deaths attributable to air pollution are linked to 
increased levels of vehicular traffic[4]. Epidemiological studies have demonstrated strong associations 
between traffic-related air pollution (TRAP) and a range of adverse health outcomes[5], including 
cardiovascular effects[4,6,7], respiratory diseases[4,6,8,9], negative birth outcomes[10], asthma[4,11], and allergies[12]. 
In many urban areas, traffic emissions have become the predominant source of air pollution[13-15], 
contributing over 40% of particulate matter (PM) pollution in countries such as France and the UK[16], as 
well as in cities like Beijing[17]. Additionally, ultrafine particles (UFPs) and black carbon (BC) from traffic 
emissions exhibit strong spatial variability and pose unique health risks across diverse traffic-related 
microenvironments, underscoring the need for multi-mode exposure assessments in transportation 
contexts[18].

Although individuals spend only a small fraction of their day in transit, transportation accounts for a 
disproportionately large share of daily air pollution exposure[3,19,20]. For instance, travel-related activities 
contribute approximately 25% of daily UFP exposure despite only comprising just 3.4% of total daily 
time[21]. Similarly, around 30% of daily BC exposure occurs during transportation, even though it accounts 
for only 6% of total time[22]. Therefore, time spent in various transportation microenvironments is a critical 
factor in assessing TRAP exposure. Time-activity patterns are vital for estimating population-level 
exposure[23], as they are closely tied to individuals’ transportation mode choices, such as walking, cycling, or 
using public transit[24].

Transportation behaviors are influenced by sociodemographic and environmental factors[25]. Variables such 
as gender, age, education, region type (RT), and household income are all associated with transportation 
mode preferences and duration[26-29]. For example, walking is more common among females, while males are 
more likely to cycle[30]. Older adults tend to avoid open modes of transport due to the physical demands 
involved[31]. Overall, age, gender, and income significantly influence mode choice[32-34]. Thus, a 
comprehensive understanding of environmental pollutant exposure requires an in-depth assessment of 
individuals’ transportation behaviors.

Both the mode of transportation and the time spent in transit considerably influence an individual’s 
exposure to traffic-related pollutants[5,35,36]. For example, although walking is generally associated with lower 
exposure levels compared to cycling[37], pollutant concentrations can vary substantially across different 
modes and settings[38]. PM2.5 concentrations are typically lower in cars than in open or public transportation 
modes in cities like Santiago[39], Taiwan[40], and Milan[20], but tend to be higher in places such as London[41] 
and Foshan[42]. These variations highlight the importance of considering transportation behaviors, time 
spent, and microenvironmental concentrations when evaluating TRAP exposure.

Accordingly, the objectives of this study are: (i) analyzing trends in transportation mode choices and time 
spent based on three cross-sectional surveys conducted in Lanzhou, China; (ii) exploring the associations 
between sociodemographic and built environment factors and traffic-related behaviors; and (iii) quantifying 
daily cumulative PM2.5 inhalation exposure across different transportation modes and identifying key 

the need to incorporate transportation behavior into air pollution exposure assessments and suggest that 



Page 3 of Wang et al. J. Environ. Expo. Assess. 2025, 4, 21 https://dx.doi.org/10.20517/jeea.2025.30 14

exposure determinants. The findings are expected to inform data-driven transportation planning and 
support personalized behavioral guidance to reduce traffic-related exposure risks.

EXPERIMENTAL
Study design and data collection
This study utilized data from the Total Human Environmental Exposure Pilot Study conducted in Lanzhou, 
China, from 2015 to 2020. Lanzhou, an inland city, was designated as a National Public Transportation 
Construction Demonstration City in 2014. Three cross-sectional surveys were carried out in 2015, 2016-
2018, and 2020, covering both urban and rural areas. A structured questionnaire, developed by the Chinese 
Research Academy of Environmental Sciences, was used to collect data on participants’ basic demographic 
information and time-activity patterns related to exposure behaviors. Participants were selected using 
random sampling within predefined survey sites. All participants were local residents aged 18 years or older 
without major medical conditions. Ethical approval was obtained for all surveys, and informed consent was 
obtained from all participants prior to face-to-face interviews conducted by trained investigators.

The questionnaire collected information on residential address, gender, age, occupation, financial income 
and expenditure, proximity of main roads to home or workplace, modes of transportation used, and time 
spent using each mode. Transportation modes were classified as walking, public transportation (bus and 
subway), car transportation (private cars and taxis), and open transportation (bicycles, electric bicycles, and 
motorcycles). Sociodemographic variables were grouped as follows: RT, gender (GD), age group (AC), 
occupation (OP), family annual income (FI), family annual expenditure (FE), and proximity to main roads 
near residence or workplaces (WT). A total of 4802 valid responses were collected: 2,157 in 2015, 1,323 in 
2016-2018, and 1,322 in 2020 [Supplementary Table 1]. RTs were assigned as urban and rural based on the 
residential addresses. ACs were grouped as 18-29, 30-44, 45-59, and 60 years or older, reflecting different life 
stages and travel behavior patterns (e.g., young adults, individuals with stable careers, middle-aged adults, 
and seniors), while ensuring adequate sample sizes for statistical analysis. OPs were categorized into seven 
types following the Occupational Classification System in China (2015). FI and FE were classified into three 
levels based on household financial status. Additional sociodemographic details are presented in 
Supplementary Table 1.

Data cleaning and analysis
Data cleaning and analysis were performed using SPSS 24.0 (IBM, New York, USA) and R (version X64 
3.5.1). Descriptive statistics summarized participant characteristics. Sociodemographic variables were 
reported as sample counts and percentages, transportation mode usage was expressed as percentages, and 
time spent in each transportation mode was presented as mean values. Chi-square tests were used to 
compare proportions across sociodemographic categories[27,43]. Multinomial logistic regression analysis was 
performed to evaluate associations between sociodemographic characteristics and transportation mode 
preferences[27,43]. Due to distribution characteristics, a rank sum test was employed to examine differences in 
influencing factors[27]. Redundancy analysis (RDA) using Canoco5.0 (Microcomputer Power, Ithaca, USA) 
and regression analysis were applied to explore relationships between participant characteristics and time 
spent using each transportation mode[44,45]. A P-value less than 0.05 was considered statistically significant.

Daily cumulative inhalation exposure analysis
This study evaluated PM2.5-related exposure by calculating the daily cumulative inhalation exposure dose 
associated with different transportation modes, as defined in Equation (1)[46].
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where DEi denotes the daily cumulative inhalation exposure dose (μg/day), Ci is the PM2.5 concentration in 
the microenvironment for each transportation mode (μg/m3), ETi is the daily time spent in each 
transportation microenvironment (min/d), and IRi is the inhalation rate for each transportation mode 
(L/min). The ETi values were derived from self-reported data on time spent using each transportation 
mode, with mode-specific average durations presented in Table 1. Inhalation rates were estimated based on 
metabolic equivalent (MET) levels corresponding to each transportation mode[47], as expressed in 
Supplementary Equation 1. Sedentary levels were applied to car transportation; moderate levels to open 
transportation; and light activity levels to walking and public transportation[48]. Inhalation rates were 
calculated using participant data, with details presented in the Supplementary Materials.

The annual average ambient PM2.5 concentration in Lanzhou during the study period (47.20 μg/m3), as 
reported in the Report on the State of the Environment in Lanzhou[49], was used as the baseline for walking. 
Relative concentration ratios, derived from the literature [Supplementary Table 2][20,39-42,46,48,50,51], were applied 
to estimate PM2.5 levels for other modes: 1.30 for walking/car, 1.02 for public/walking, and 1.04 for open/
walking. Consequently, the calculated PM2.5 exposure concentrations were 48.14 μg/m3 for public 
transportation, 36.31 μg/m3 for car transportation, and 49.10 μg/m3 for open transportation. Details of the 
relative concentration ratios are provided in the Supplementary Materials. Finally, a sensitivity analysis of 
the daily cumulative inhalation exposure dose was conducted using Monte Carlo simulation (Crystal Ball 
software, Oracle Corporation, Austin, USA), with 10,000 iterations to assess the relative influence of each 
input parameter.

RESULTS AND DISCUSSION
Characteristics of transportation mode use by time, population, and region
Across the three survey periods (2015, 2016-2018, and 2020), walking remained the most commonly used 
mode of transportation, with usage rates exceeding 70% in all years and increasing by 8.5% from 2015 to 
2020 [Figure 1 and Supplementary Table 3]. Public transportation ranked second, followed by car and open 
transportation. Although car use was initially less common, its prevalence increased steadily over time and 
surpassed that of open transportation by 2020. Use of open transportation increased temporarily during 
2016-2018 but decreased sharply by 9.2% in 2020 [Supplementary Table 3].

As shown in Supplementary Figure 1 and Supplementary Table 3, urban residents consistently reported 
higher rates of walking, public transportation, and car use compared to rural residents, whereas the use of 
open transportation remained low in both groups. The urban-rural gap in open transportation usage 
narrowed from 7.3% in 2015 to 3.5% in 2020. Gender differences were evident as well: the proportion of 
females using public transportation increased by 6.4% from 2015 to 2020, compared to only a marginal 
increase among males. Conversely, car use rose by 9.4% among males and 7.1% among females. 
Additionally, differences by age and occupation were observed. In particular, public transportation use 
declined among individuals aged 18-29 years and 45-59 years across the survey periods, while walking and 
car use increased in these groups. Open transportation use initially increased and peaked in 2016-2018, then 
declined across all age groups. Agricultural workers consistently showed a high rate of open transportation 
use, second only to walking. In addition, car use was more prevalent among individuals with higher family 
incomes and expenditures, with the proportion rising in parallel with economic level.

As presented in Supplementary Table 4, transportation mode preferences were also influenced by proximity 
to major roads. People working near main roads were more likely to use public transportation, with an 
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Table 1. Daily time spent on different modes of transportation*

Walking (min/d) Public (min/d) Car (min/d) Open (min/d)
Characteristics

Mean (SD) P-value Mean (SD) P-value Mean (SD) P-value Mean (SD) P-value

Total 56.0 (38.5) 60.9 (48.2) 71.2 (75.9) 46.0 (39.3)

Region type 0.0004 0.003 0.317 0.670

Urban 58.2 (40.3) 61.5 (46.9) 68.3 (67.8) 50.7 (46.1)

Rural 53.2 (35.9) 56.4 (56.2) 78.4 (93.1) 43.6 (35.1)

Gender 0.890 0.093 0.053 0.480

Male 56.2 (39.8) 63.4 (50.4) 80.1 (89.7) 47.6 (41.3)

Female 55.8 (37.2) 58.6 (45.9) 58.4 (47.5) 43.8 (36.4)

Age group (years) < 0.0001 < 0.0001 0.0004 0.127

18-29 50.3 (37.6) 61.1 (48.9) 73.9 (90.7) 39.6 (34.4)

30-44 56.0 (40.0) 68.0 (51.8) 78.9 (78.8) 47.1 (35.8)

45-59 56.1 (39.2) 63.7 (48.5) 64.8 (63.0) 48.1 (43.5)

≥ 60 58.9 (36.3) 44.7 (35.7) 40.9 (33.3) 43.0 (35.8)

Occupation 0.0001 < 0.0001 0.004 0.418

Scientific and technical personnel 55.6 (40.7) 53.3 (35.2) 49.3 (29.0) 50.6 (54.6)

Social and economic personnel 55.5 (38.1) 65.4 (37.3) 47.2 (32.7) 39.3 (25.5)

Officers and related personnel 57.3 (41.9) 67.0 (43.3) 68.5 (58.1) 48.0 (35.0)

Business and services personnel 52.6 (40.9) 47.6 (55.4) 103.0 (126.2) 39.9 (25.1)

Agricultural personnel 54.7 (36.2) 46.4 (51.3) 69.0 (84.1) 41.6 (30.7)

Manufacturing personnel 61.9 (35.3) 84.0 (50.9) 94.4 (85.3) 61.0 (58.0)

Inconvenient-to-classify personnel 56.8 (39.6) 58.4 (46.7) 58.2 (50.0) 53.3 (49.7)

Family annual income (CNY) 0.298 < 0.0001 0.030 0.288

< 30,000 54.7 (35.2) 59.6 (49.6) 80.2 (76.1) 45.3 (40.3)

< 100,000 55.9 (38.7) 51.0 (42.1) 65.8 (87.9) 42.2 (32.8)

≥ 100,000 58.2 (43.0) 70.6 (50.0) 69.8 (67.6) 51.3 (44.3)

Family annual expenditure (CNY) 0.164 < 0.0001 0.228 0.022

< 30,000 54.6 (35.1) 60.7 (49.2) 77.1 (81.8) 48.7 (42.3)

< 100,000 59.3 (44.1) 55.4 (46.3) 66.9 (83.3) 39.4 (33.5)

≥ 100,000 57.1 (43.7) 71.1 (46.1) 65.9 (50.9) 46.6 (33.6)

*Time data were calculated from participants who reported using each transportation mode. P-values represent statistical tests of subgroup 
differences for each characteristic.

average usage rate 26.27% higher than other groups. Interestingly, their walking rates were also higher.

Figure 2 and Supplementary Tables 5 and 6 illustrate the associations between transportation modes and 
sociodemographic characteristics. Urban residents consistently preferred public transportation over 
walking, though this preference declined by 2020. Preference for car use declined relative to walking, while 
preference for open transportation increased marginally. Gender-wise, males showed greater willingness to 
use car and open transportation in the 2015 and 2020 surveys. Younger age groups (18-29 and 30-44 years) 
were consistently more likely to choose car and open transportation. Occupation had limited influence on 
transportation mode choice, with notable differences observed only for car use among the higher-income 
groups in 2020.

Time spent on transportation and its determinants
Table 1 presents the average daily time spent using each mode of transportation. Among all modes, car 
transportation accounted for the longest average duration, typically exceeding 1 h per day, followed by 
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Figure 1. Trends in transportation mode use and time spent by participants across three surveys. **P-value ≤ 0.001, ***P-value < 0.0001.

public transportation, walking, and open transportation. Urban residents generally spent more time walking 
and using public and open transportation, while rural residents spent more time traveling by car. A gender-
based analysis showed that males spent more time than females across all transportation modes. For public 
and car transportation, men spent an average of 4.8 and 21.7 min more per day, respectively, although these 
differences were not statistically significant.

Walking time increased steadily with age [Table 1]. In contrast, younger individuals tended to spend more 
time using public and car transportation. For instance, the 18-29 age group spent an average of 16.4 min 
more per day on public transportation and 33.0 min more per day on car transportation than those aged 60 
and above. Notable differences were also observed across occupations: business and service personnel spent 
over 100 min per day using car transportation. Individuals with a FI or FE of CNY100,000 or more reported 
the longest transportation durations, except for car use. The built environment also significantly influences 
transportation time. People living near major roads spent more time using public and car transportation 
and less time walking. Conversely, those without access to roads near their home or workplace spent less 
time using public transport and more time walking [Supplementary Table 7].

Trends in time use varied across the surveys [Figure 1]. In the 2016-2018 survey, the time spent across all 
transportation modes was generally the lowest, and the differences between modes were the smallest. By 
2020, walking time had increased compared to 2015, while time spent on public, car, and open 
transportation had decreased by 37.2%, 35.6%, and 21.9%, respectively [Supplementary Table 8]. The decline 
in car and open transportation was more evident in urban areas, whereas the reduction in public 
transportation time was more prominent in rural areas.
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Figure 2. Associations between transportation modes and sociodemographic characteristics. Family annual income and expenditure are 
expressed in CNY. Walking was used as the reference transportation mode. STP: Scientific and technical personnel; SEP: social and 
economic personnel; ORP: officers and related personnel; BSP: business and services personnel; FFP: agricultural personnel; MAP: 
manufacturing personnel; ICP: inconvenient-to-classify personnel.

RDA [Supplementary Figure 2] revealed that gender, age, RT, FI, and FE were the primary factors 
influencing transportation time. Car transportation time was positively associated with higher income 
levels, while walking time was inversely related. The influence of RT varied over time, positively affecting 
open transportation in 2015 and 2020, but having a negative effect during 2016-2018. The influence of 
economic factors on public transportation time also shifted across surveys: FI had a greater impact in 2015, 
while FE became more influential by 2020. Regression analysis [Supplementary Table 9] further confirmed 
that RT and age group significantly affected time spent on walking and open transportation (P-value < 
0.01), while gender and age group were major contributors to car transportation time (P-value < 0.05). A 
comparison across the three surveys [Supplementary Table 10] indicated that the most influential factors 
changed over time. For instance, RT was the strongest predictor of walking time in 2015 and 2016-2018, 
while occupation became more influential in 2020. These temporal shifts reflect broader changes in 
socioeconomic conditions and infrastructure.
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Impact of traffic-related activity patterns on PM2.5 inhalation exposure
As illustrated in Supplementary Figure 3, time spent in each transportation mode was the primary 
determinant of daily cumulative PM2.5 inhalation exposure, explaining over 96% of the variance across all 
modes. Although car travel consumed the most time, it resulted in the lowest exposure dose (16.20 μg/day), 
due to the lower PM2.5 concentrations typically found in cabin environments. In contrast, open 
transportation modes led to the highest exposure dose (48.42 μg/day), driven by both higher pollutant 
concentrations and elevated inhalation rates associated with physical exertion [Supplementary Table 11]. 
These differences reflect the combined effects of travel duration, microenvironmental PM2.5 levels, and 
inhalation rate on cumulative exposure. Modes involving greater physical intensity and closer proximity to 
traffic emissions produced higher exposures even over shorter durations, while modes with longer 
durations but lower pollutant concentrations and physical activity levels resulted in relatively lower 
cumulative exposure.

Although walking time exceeded that of open transportation [Table 1], the exposure dose from open 
transportation was 2.11 times higher, due to more intense inhalation and closer proximity to emission 
sources. In urban areas, longer walking durations led to a 1.37-fold higher exposure compared to rural areas 
[Supplementary Table 11]. Additionally, subgroup analysis [Figure 3] revealed that exposure patterns were 
closely aligned with individual time-use distributions. These findings underscore the importance of 
considering both travel duration and inhalation rate when interpreting mode-specific exposure differences. 
Briefly, time-activity patterns across transportation modes play an important role in determining daily 
cumulative PM2.5 inhalation exposure.

Characteristics, influencing factors and disparities in traffic-related activity patterns
Traffic-related activity is a common indicator for estimating individuals’ exposure to air pollution[22,23]. 
Using data from three rounds of surveys conducted among residents in Lanzhou, China, we systematically 
examined the distribution and determinants of transportation mode choice and time allocation. The 
findings highlight the significant influence of sociodemographic characteristics, regional typologies, and 
built environment features on transportation behavior.

Compared with international data, the proportion of walking in Lanzhou (> 70%) was considerably higher 
than that in England (10.9%)[52] and the U.S. (64%)[26], reflecting the prevalence of short-distance travel. 
Conversely, public transportation usage in Hong Kong[53] and Shanghai[29] (70% and 46.7%, respectively) 
exceeded that in Lanzhou, likely due to the presence of more extensive and efficient transit systems in those 
cities.

Although cars were not the most frequently used mode of transport, they accounted for the longest average 
daily travel time - over 60 min per day. This is consistent with findings from the 2013 Chinese 
Environmental Exposure-Related Human Activity Patterns Survey-Adult (CEERHAPS-A) in northwestern 
China[54], and it reflects longer commuting distances[55], especially in rural areas. The observed mismatch 
between mode usage and travel time - for instance, increased usage but decreased time spent on open 
transportation in 2016-2018 - suggests a partial substitution effect among transportation modes.

The emergence of shared mobility services contributed to these shifts. Since 2016, Lanzhou has seen a rapid 
increase in shared bicycle use, with over 300,000 bikes deployed by the end of 2017[56,57]. This change in 
short-distance travel modes may have reduced time spent on public transport and walking[44,57-59]. While 
shared bikes support environmentally friendly travel, they also expose users to near-road air pollution and 
higher inhalation risks.
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Figure 3. Daily exposure dose by transportation mode across subgroups. (A) Walking; (B) public transportation; (C) car transportation; 
and (D) open transportation. Family annual income and expenditure are presented in units of 10,000 CNY. STP: Scientific and technical 
personnel; SEP: social and economic personnel; ORP: officers and related personnel; BSP: business and services personnel; FFP: 
agricultural personnel; MAP: manufacturing personnel; ICP: inconvenient-to-classify personnel.

Disparities between urban and rural areas in infrastructure development and access to transit largely 
account for differences in transportation mode use[29,44,60]. The launch of metro services, such as Lanzhou 
Metro Line 1 in 2019, has improved access to public transport and helped reduce travel times. Higher-
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income groups were more likely to use private cars due to greater car ownership[31] and tended to spend 
more time commuting.

Transportation choices were also influenced by gender, age, and occupation. Males were more likely to use 
cars and open transportation, while older adults preferred public transport - a pattern consistent with 
findings from the 2001 and 2017 U.S. National Household Travel Surveys[61]. High-income individuals were 
more likely to use open transportation but spent less time using it, likely due to their heightened sensitivity 
to transportation duration[31]. The presence or absence of main roads near homes or workplaces significantly 
affected both mode choice and travel time[26,62], particularly for public transportation and walking.

Multivariate analyses further revealed temporal changes in the dominant influencing factors. In 2015 and 
2016-2018, RT was the strongest predictor of walking time, while in 2020, occupation became the most 
significant factor. These shifts suggest that evolving social structures, infrastructure, and public services play 
a critical role in reshaping transportation behavior over time.

Impact of traffic-related behavior on PM2.5 inhalation exposure and public health implications
We quantitatively assessed how transportation activity patterns contribute to cumulative daily PM2.5 
inhalation exposure. Time spent in transit was identified as the most influential factor, accounting for over 
96% of the variation in exposure across all transportation modes. This finding aligns with similar studies 
conducted in cities such as Xi’an[63].

Pollutant concentrations varied markedly across different transportation microenvironments, resulting in a 
disconnect between time spent and total exposure dose. Although car transportation had the longest 
average duration, it resulted in the lowest exposure owing to cleaner in-vehicle air. In contrast, open 
transportation modes, such as bicycling, generated the highest exposure doses. This was attributable to both 
elevated ambient PM2.5 levels from proximity to traffic emissions[15,36,46,64,65] and increased inhalation rates 
associated with physical exertion. In fact, the exposure dose from open modes of transport was more than 
twice that of walking. Some studies even reported that open transport modes had higher exposure doses 
than all other transportation types[48].

Thus, neither transportation time nor pollutant concentration alone can fully explain differences in 
exposure. Both factors must be considered alongside inhalation rate[63]. For example, cyclists typically have 
inhalation rates two to five times higher than car passengers[66], leading to increased respiratory deposition 
of airborne pollutants[20].

Notable disparities in pollutant exposure were also observed across genders and age groups, largely due to 
physiological differences in inhalation rates[63]. Greater physical exertion leads to higher inhalation rates and 
thus increased pollutant deposition in the lungs[20]. For example, females and older adults tend to have lower 
inhalation rates, resulting in lower exposure doses compared to males and younger individuals.

From a health risk prevention perspective, reducing the time spent in high-exposure transportation modes 
is essential[67]. Urban planning should therefore not only encourage active transportation but also focus on 
minimizing pollution exposure along such routes. Practical measures include relocating bike lanes away 
from major roads - which can reduce exposure by 15%-75%[68] - and enhancing air quality at public transit 
hubs through improved ventilation or filtration systems.
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Limitations and future directions
Several limitations should be acknowledged. The survey-based approach may be subject to recall bias, and 
uncertainties may arise from self-reported transportation behaviors and time-use patterns, which are prone 
to reporting errors or variations in participant interpretation. Additionally, the focus on a single inland city 
(Lanzhou) may limit the generalizability of our findings to other regions. Furthermore, the use of annual 
average PM2.5 concentrations may not adequately capture significant seasonal variations, particularly 
elevated levels during the winter months, potentially leading to an underestimation of peak exposure 
periods. Given the rapidly evolving transportation landscape, ongoing monitoring is essential. Future 
research should incorporate real-time exposure measurements and behavioral tracking while accounting for 
seasonal variability to improve the accuracy and applicability of exposure estimates. Longitudinal studies 
tracking individual-level behavioral changes could also offer valuable insights into evolving transportation 
patterns and their implications for environmental exposure and health outcomes.

CONCLUSIONS
We conducted a comprehensive analysis of transportation mode choices, time-use patterns, and their 
impacts on daily cumulative PM2.5 inhalation exposure in Lanzhou, China. Walking was the dominant mode 
of transportation, accounting for over 70% of use, while car transportation had the longest average duration, 
exceeding 60 min per day. However, exposure doses varied significantly across transportation modes. 
Open-air transportation modes resulted in the highest cumulative inhaled PM2.5 dose (48.40 μg/day), due to 
elevated pollutant concentrations and higher inhalation rates, while car transportation resulted in the lowest 
dose (16.20 μg/day), despite its longer duration. These findings underscore the importance of integrating 
transportation behavior data into traffic-related exposure assessment frameworks. Our results can inform 
urban planning, public health interventions, and policy strategies aimed at designing low-exposure travel 
routes, improving infrastructure for active transport, and reducing TRAP risks in urban environments.
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