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Abstract
At present, most of China’s population still lives in rural areas, and the allocation of health facilities in rural areas is generally weaker 
than that in urban areas. The factors affecting the healthy life of rural residents need to be studied. This study took six rural communities 
in Pujiang County, Chengdu, Sichuan Province as the research object, and randomly selected 172 residents as samples to investigate 
the relationship between the characteristics of daily travel activities and self-rated health level of rural community residents, in order 
to provide a scientific basis for the construction of healthy rural communities and their surrounding supporting facilities. In view of 
the difficulty of data collection in rural areas, such studies are relatively rare in China. The research comprehensively uses multi-source 
data, including GPS data obtained by wearable positioning equipment, health questionnaire data, POI data of Amap and building vector 
data of MapWorld. Firstly, this study uses AT-DBSCAN algorithm to cluster the travel trajectory points to obtain the location information 
of residents’ stay points between 8:00-22:00, and divides the study area into 120m long grids. The TF-IDF algorithm is used to obtain 
the functional attributes of the grid based on the classified POI data, and then infer the type of stay point activities. For rural areas 
without POI data, the daily travel activity chain of rural community residents is constructed by combining building vector data. Then, 
the Word2Vec word embedding model is used to vectorize the activity chain data, and the K-means  clustering analysis is used to 
obtain different daily travel activity patterns. Finally, combined with the residents’ self-rated health data obtained from the health 
questionnaire, the Nonparametric Tests was used to analyze the differences between the self-rated health levels of different travel 
activity modes. The results show that there are significant differences in self-rated health level among rural community residents with 
different travel activity modes, which provides a reference for rural community planning and health management.

Keywords: Travel activity, characteristics, Rural community, Self-rated health.

Introduction
With the development of social economy, people pay more and more attention to the healthy lifestyle. In addition 
to basic physical and mental health, residents’ daily travel contact with the living environment is also closely 
related to healthy life. Studying the relationship between the environmental characteristics and health status of 
residents’ travel activities will help managers create a healthy living environment from the planning and design 
level. At present, the research on the relationship between the characteristics of travel activities and residents’ 
health is relatively rich in urban areas, but insufficient attention is paid to rural areas. The prediction released 
by the United Nations in 2018 shows that China’s urbanization rate will be 70.6% and 80.0% in 2030 and 2050, and 
the population in rural areas will be about 399million and 272million(United Nations Department of Economic 
and Social Affairs, Population Division, 2019)。At the same time, China’s 2021 census shows that 36.11% of the 
population still lives in the built-up environment in rural areas (National Bureau of Statistics of China, 2021)，and 
the allocation of health facilities in these areas is generally weaker than that in urban areas, which significantly 
affects the health level of rural residents. In the past, China’s research on rural health mostly focused on medical 
services (Gao et al., 2024; Yang et al., 2024) and environmental factors, but the link between residents’ daily travel 
activities and health was rarely involved. In fact, daily travel activities have a direct or indirect impact on rural 
residents’ access to medical care, leisure and social services, which can’t be ignored in rural health research.

In view of this, this study selected some residents from six rural communities in Pujiang County, Chengdu, 
Sichuan, China to investigate and analyze the relationship between their daily travel activity characteristics and 
their self-rated health level, focusing on the characteristics of stay activity area and activity time allocation, so as 
to provide a scientific basis for the construction of healthy rural communities and their surrounding supporting 
facilities. Considering the difficulty of data collection in rural areas, relevant research in this field is relatively 
rare. In this study, multi-source data, including GPS data obtained by wearable positioning equipment, health 
questionnaire data, POI data of Amap and building vector data of MapWorld, were comprehensively used to 
explore the potential relationship between travel activity characteristics and health level, and provide beneficial 
reference for improving the health status of rural residents, optimizing rural community planning and health 
management.
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Literature Review
Relationship between travel activity characteristics and health
Travel activity characteristics mainly include travel time characteristics, travel space characteristics, activity 
type, travel frequency, travel mode, travel destination, etc. Many studies have confirmed the correlation between 
travel activity characteristics and health, mainly through the built environment as the medium, from the aspects 
of physical activity promotion, environmental exposure, nature of activity sites, environmental healing (Frank 
et al., 2019; Mahmoudi, 2022; Sharma and Jain, 2023). Choosing an active travel mode that can promote physical 
activity (such as walking, cycling, etc.) and increasing the travel time allocation of physical activity have many 
impacts on health promotion (Ali et al., 2020, 2024; Dėdelė et al., 2020; Foley et al., 2018). Environmental exposure 
in travel activities has significant effects on health(Frank et al., 2019; Poom et al., 2021) , but such effects have 
duality. On the one hand, active travel modes such as walking and cycling make individuals more vulnerable to 
traffic related air pollution and noise, increasing the risk of respiratory and cardiovascular diseases. On the other 
hand, if the travel path passes through green space, it can have a positive effect on mental health by contacting 
nature and relieving stress (Le and Poom, 2024) . In addition, the role of environmental exposure and differences 
in travel mode, time period selection and personal perception vary, and there is a significant socio-economic 
imbalance (Briggs et al., 2008; Ma et al., 2021) . There are differences in the impact of staying in different places of 
activity on health. For example, leisure activities in places such as commercialservices, leisure and entertainment 
(Fancourt D et al., 2021) and natural areas (Aerts et al., 2018; Bratman et al., 2019; Ewert and Chang, 2018) can 
promote health, while long-term activities in places such as office areas (Rasheed et al., 2021) and industrial 
areas (Xu et al., 2020) are generally considered to have adverse effects on health. In addition, Zhu and Fan et al. 
Found that travel mode, travel duration and distance, and destination choice were associated with emotional 
health (Zhu and Fan, 2018) . Bicycle travel has a psychological healing effect, while public transport travel has 
the opposite effect. The longer the travel duration, the lower the happiness and the higher the pressure. The 
positive mood of travel for the purpose of free activities such as leisure and entertainment is higher. The urban 
blue-green space and healing built environment that travel through have a certain healing effect on people’s 
mental health and can relieve people’s pressure and negative emotions (Vert et al., 2020; Zhang et al., 2019). To 
sum up, the characteristics of travel activities can affect health through a variety of mechanisms, and there is a 
theoretical basis for mining the correlation between rural residents’ daily travel characteristics and health from 
the perspective of time distribution of travel activities and stay activity areas.

Travel activity characteristics and limitations of health research in rural areas
In the research on the relationship between residents’ travel activity characteristics and health, the current 
literature mainly focuses on the relevant research in urban environment, while the research in rural areas is 
relatively less. The number and quality of transportation facilities, service facilities and travel activity places in 
rural areas are generally worse than the average level in cities, and there are also significant differences in the 
characteristics of residents’ travel activities. At present, the research on the characteristics of travel activities in 
rural areas mostly focuses on travel distance, travel time, travel mode selection, etc. for example, Akinlotan et 
al. Revealed the differences in distance and time of rural residents in medical or dental care travel by using the 
data of the 2017 national family Travel Survey (NHTS) , and pointed out that the travel distance of rural residents 
is more than twice that of urban residents, and the travel time is also significantly longer (Akinlotan et al., 2021) . 
In addition, Hearn et al. Also showed that the travel time of rural cancer patients is longer, which may be related 
to the lack of transportation facilities in rural areas (Hearn et al., 2024).

In terms of the relationship between travel activities and health, some studies began to pay attention to the 
impact of travel activities on health of residents in rural areas. For example, Berga and Ihlström found that rural 
residents’ daily activities and travel behavior were significantly affected by traffic conditions through qualitative 
interviews with rural residents in Sweden. In particular, the lack of Public Transport Services Limited residents’ 
independent travel ability, thereby affecting their opportunities to participate in social activities and obtain 
health services (Berg and Ihlström, 2019)。In addition, McCrorie’s research in Scotland found that rural children 
have shorter sedentary time and longer time of mild physical activity than urban children, which may be related 
to the more spacious living environment and more opportunities for outdoor activities in rural areas (McCrorie et 
al., 2020)。These studies show that there is a complex correlation between the characteristics of travel activities 
and residents’ health in rural areas, but at present, the relevant research is still relatively limited and needs to be 
further discussed.
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In general, the existing literature has a certain foundation in the correlation between the construction of 
transportation facilities, service facilities, travel activity places and residents’ travel activity characteristics in 
rural areas, but there is still a large gap in the research on the relationship between travel activity characteristics 
and residents’ health. Future research should strengthen the research on the relationship between travel 
activities and health in rural areas, so as to better guide the traffic planning and health policy-making in rural 
areas and improve the quality of life of rural residents.

Data preparation
The data used in this study are from a travel trajectory and self-rated health survey conducted by the author’s 
team in Pujiang County, Chengdu, Sichuan Province from July to August 2023 (Fig 1). This study surveyed 172 
residents from six rural communities in the region, namely Hongfu Community, Dongyue Community, Shuangsh 
Community, Bajiaojing Village, Fuxing Community and Mingyue Village, and was conducted in two batches. The 
number of residents surveyed in each village is shown in Table 1.

Fig 1. Study area scope and sample source
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Table 1. Number of residents surveyed in each village

Number of residents surveyed in each village

Village name Number of residents surveyed

Hongfu Community 31

Shuangshi Community 33

Dongyue Community 33

Mingyue Village 39

Fuxing Community 32

Bajiao Village 4

GPS positioning data
The GPS data used in this study was obtained by a smart watch with positioning function. The track data recorded 
by the positioning watch uses WGS 1984 geographical coordinate system, and the positioning accuracy can reach 
within 30 meters. During the collection process, all positioning watches are set to record trajectory data points 
every minute, and their information mainly includes longitude and latitude coordinate values, sample numbers, 
batch number, dates and times (Table 2). During the data collection process, participants were required to wear a 
positioning watch between 8:00-22:00 within 7 days, and were not allowed to remove the device without special 
reasons, so as to ensure the continuity of research data collection.

Table 2. GPS data sample

GPS data sample

date time sample number batch number latitude longitude

2023-07-12 11:51:00 9617605926 1 30.278349 103.3772225

2023-07-12 11:51:00 9618007196 1 30.28061 103.3820817

2023-07-19 12:13:00 9618007145

2

30.26369 103.3239

2023-07-22 12:12:00 9618007135

2

30.27283 103.3311
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As it is difficult for residents to fully cover the entire required number of days for wearing equipment, after 
screening, a total of 1116 daily behavior tracks were collected, including 584 in the first batch and 532 in the 
second batch. Fig 2 shows the main distribution range of the trajectories. Most of the data are concentrated in 
Pujiang County, Qionglai city and Mingshan District, Ya’an City.

Fig 2. overall distribution of travel trajectories data

Health questionnaire survey data
Self-rated health has been proved to be able to effectively reflect the health level of individuals (Fayers and 
Sprangers, 2002) . The questionnaire used in this study mainly includes two parts: personal basic attributes and 
self-rated health scale. The basic personal attributes mainly include 10 items, including sample number, gender, 
age, occupation, marital status, address, length of residence, residential area, number of families, agricultural 
labor situation ,and annual family income. SRHMS v1.0 (Self-rated Health Measurement Scale V1.0) was used in the 
self-rated health scale. SRHMS v1.0 has good content validity, structure validity and calibration validity, which is 
more in line with the characteristics and habits of Chinese residents, and is suitable for all kinds of people over 
the age of 14. The content of the scale consists of three subscales of self-rated physical health, mental health and 
social health, as well as four parts of the overall self-evaluation, with a total of 48 items, which can be divided into 
nine dimensions: physical symptoms and organ function (B1), daily physical activity (B2), physical activity ability 
(B3), psychosocial symptoms and negative emotions (M1), positive emotions (M2), cognitive function (M3), role 
activity and social adaptability (S1), social resources and social contact (S2) and social support (S3). The overall 
self-assessment includes the overall physical self-test, the overall psychological self-test, the overall social self-
test and the overall health self-test. The maximum score of each item is 10 points, the minimum is 0 points, and 
the maximum possible score is 440 points after removing the self-evaluation part of auxiliary verification. The 
scores of items 4, 5, 7, 24, 25, 26, 27, 28, 29 and 30 are scored in reverse to ensure the validity of the questionnaire 
(Xu et al., 2000; Xu, 2001; Chuqun et al., 2021)。
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Due to potential problems such as residents’ personal willingness to fill in, only 125 valid health questionnaire 
data were collected in this study. Table 3 shows the basic information data of the respondents, and Fig 3 shows 
the distribution of the total self-rated health scores of the sample population.

Table 3. General Information of the Respondents

The General Information of the Respondents(N=125)
Item Number of samples(%)
Village name

Hongfu Community 19(15.2%)
Dongyue Community 30(24%)
Shuangshi Community 26(20.8%)

Bajiaojing Village 3(2.4%)
Fuxing Community 15(12%)

Mingyue Village 32(25.6%)
Gender

male 52(41.6%)
female 73(58.4%)

Age
Children and adolescents (0-19) 5(4%)

Young adults (20-39) 35(28%)
Middle aged adults (40-59) 60(48%)

Elderly (≥ 60) 25(20%)
occupation

farmer 102(81.6%)
Public officials  1(0.8%)

Individual business 2(1.6%)
worker 2(1.6%)

Others (including unfilled) 18(14.4%)
Living conditions

Local resident population 106(84.8%)
Immigrant population 9(7.2%)

Others (including unfilled) 10(8%)
Residence

Old house 25(20%)
New rural community 94(75.2%)

Houses in counties and other cities 1(0.8%)
Others (including unfilled) 5(4%)

Years of residence
≤ 10 years 29(23.2%)

11-30 years 30(24%)
31-50 years 33(26.4%)

≥ 51 years 30(24%)
Others (including unfilled) 3(2.4%)

marital status
unmarried 11(8.8%)

married 104(83.2%)
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Divorce 4(3.2%)
Bereavement 4(3.2%)

Others (including unfilled) 2(1.6%)
Family size

<3 persons 7(5.6%)
3-5 persons 86(68.8%)
＞ 5 persons 24(19.2%)

Others (including unfilled) 8(6.4%)
Annual household income

<10000 15(10.44%)
10000-20000 18(17.4%)
20000-30000 35(25.0%)
30000-50000 18(14.6%)

50000-100000 22(20.1%)
100000-200000 5(3.5%)

>200000 2(1.4%)
Others (including unfilled) 10(7.6%)

Farming conditions
Yes, there is still farmland to be cultivated 107(85.4%)

No. no more farmland 18(13.9%)
Note: processed according to the questionnaire data

Fig 3. Histogram of total score of self-rated health
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Built environment data based on Web Map
The built environment data used in this study mainly include POI data and building vector contour data within 
the scope of the study. POI data is obtained from Amap, which includes 22 categories and is limited within the 
administrative boundaries of Pujiang County, Lushan County, Mingshan District of Ya’an City and Qionglai City, 
with a total of 52784 items. In previous studies, the original POI data is usually reclassified according to the 
research purpose, such as taking the residents’ service attribute as the core (Yang et al., 2021) and the urban 
functional area attribute as the core (Gu et al., 2018; Yang et al., 2020) . In order to meet the requirements for the 
identification of stay activity functional areas in this study, the POI of Amap is reclassified into 11 categories 
(Table 4) by focusing on the attributes of resident services, so as to facilitate the identification of subsequent 
residents’ travel characteristics. The building contour vector data is obtained from the MapWorld, which mainly 
contains the outer contour vector shape data of all buildings in the three counties and cities, so as to help judge 
the resident stay activity category in the POI missing area.

Table 4. POI data category reclassification
POI data category reclassification

Amap category Category after reclassification Simple category name

Enterprises (Factory, Farming, Fo-
restry,

 Animal Husbandry and Fishery 
Base)

Industrial and agricultural production Labor

Enterprises (Enterprises,

Famous Enterprise,

Company)

Enterprises and offices Work

Finance & Insurance Service Financial service Finance

Science/Culture & Education Ser-
vice

Educational and cultural services Education

ResidenceResidence and related 
servicesPlace Name & Address (Vil-
lage name, 

building number, 

community name and doorplate 
information)

Commercial House

Accommodation Service

MedicalMedical related services-
Medical Service

EntertainmentLeisure and enterta-
inment servicesSports & Recreation
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TourismRecreational tourismPlace 
Name & Address(Natural Place 
Name)

Tourist Attraction

TransportationTransportation facili-
ties and related servicesTransporta-
tion Service
Auto Service

Auto Dealers

Auto Repair

Motorcycle Service

ShoppingCommercialand life servi-
cesFood & Beverages
Daily Life Service

Shopping

MunicipalGovernment and public 
servicesGovernmental Organizati-
on & Social Group

Public Facility

Methods
Travel trajectory activity point acquisition
At present, there are four main directions for the research of stay activity point recognition in travel trajectory. 
First, based on the fitting of road network information and travel trajectory, the distance between trajectory 
points and road vectors is calculated to identify stay points (Du and Aultman-Hall, 2007). This method needs more 
detailed regional road network information as an auxiliary, which is suitable for use in urban areas with relatively 
complete road network data. It is not suitable for use in rural natural environment with insufficient construction of 
standard road network and serious lack of road network data. The second is to use the velocity characteristics of 
the trajectory points to judge and detect the trajectory points whose velocity approaches zero as the stay points 
(Zhang et al., 2013) . This method is aimed at the stay points in slow travel activities in rural areas, and requires 
equipment with high-precision speed collection ability. The third is to judge the stay point based on geographical 
semantics. For example, the SMoT (Stops and Moves of Trajectories) model first presets the locations of the points 
of interest that the samples often go to, generates appropriate geographic geometric entities based on such 
locations, and judges the stay activities through the residence characteristics of the sample motion trajectory 
in the geometric entities (Alvares et al., 2007). The fourth is based on density clustering to identify stay points. 
As the stay activities will be concentrated in a region for a long time, the stay point can be better found through 
density judgment. DBSCAN algorithm based on density clustering has a good performance in the identification of 
travel purpose. It only needs the location and time stamp data of trajectory points. By setting the clustering limit 
parameters such as EPS neighborhood and Minpts, it can expand the core points, divide the clusters by density 
reachability, and calculate the cluster center point as the stay point (Ester et al., 1996) . 
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On this basis, Zhou Yang and Yang Chao analyzed the shortcomings of existing ST-DBSCAN (Birant and Kut, 2007), 
TrigDBSCAN(Yan, 2011), C-DBSCAN(Gong et al., 2015) algorithms in the required data complexity, scientific threshold, 
core point search method, cluster merging method, and path overlap, and proposed the AT-DBSCAN algorithm 
(Zhou and Yang, 2018) The algorithm checks the internal trajectory points by setting a fixed length sliding window, 
so as to cluster and identify the core points, forming the initial cluster and cluster, and finally calculates the 
center points as the stay points after filtering the cluster according to the length of time. It requires the initial 
data and can better eliminate the influence of noise in the original trajectory data.

Due to the difficulty of data collection in rural areas, where residents’ activities involve non built environments 
such as farmland and wilderness, it is difficult to manually determine the range of interest locations. In addition, 
the GPS data collected in this study has certain errors and noise effects. Therefore, this paper chooses to draw on 
the idea of AT-DBSCAN algorithm for identifying travel trajectory stay points. The AT-DBSCAN algorithm has five 
main parameters that need to be set, namely the sliding window length “k”, time interval “I”, spatial neighborhood 
distance “Eps”, minimum trajectory point count threshold “MinPts”, and minimum stay points duration “DU”. 
Due to the fact that the GPS trajectory points data recording interval used in this study is 1 minute, considering 
that stay activities with a duration of too short are of little significance to this study, stay activity points with 
a duration of more than 15 minutes are included in the research scope. In this study, k=21, I=10min, Eps=60m, 
MinPts=10, DU=15min are set, and 172 residents’ trajectories are respectively clustered to identify the stay activity 
points. Firstly, use a sliding window to mark trajectory points within the spatial neighborhood with a number of 
neighboring points exceeding the MinPts value as core points. Then, starting from random core points, traverse 
all unclustered core points and cluster the core points within the spatial neighborhood Eps range with a time 
interval of no more than 2 minutes as the initial cluster. Then start from the initial cluster with the highest density, 
merge other adjacent clusters with a time interval less than I, repeat this operation until all the clusters that 
can be merged are merged, and finally exclude the clusters with a duration less than Du. The final data includes 
the longitude and latitude coordinates of the stay activity point, the cluster number, the start and end time of 
the stay activity, the stay time, the date number, and the sample number (Table 5). An example of space-time 
diagram of clustered data trajectories is shown in Fig 4.

Table 5. Stay point information

Stay point 
information

Longitude Latitude Cluster 
number

Start time End time Stay time
(minutes)

Date ID

103.4714407 30.4045981 1 08:16:00 08:32:00 16 12 9618007128
103.4600468 30.400223 2 08:55:00 10:03:00 68 12 9618007128
103.4602874 30.40206229 3 10:11:00 10:27:00 16 12 9618007128
103.3760856 30.27748183 4 12:17:00 18:51:00 394 12 9618007128
103.3756631 30.27752271 5 00:12:00 06:42:00 390 12 9618007128
103.4726061 30.40617506 6 07:42:00 08:11:00 29 12 9618007128
103.4604299 30.40223265 7 10:30:00 10:56:00 26 12 9618007128
… … … … … … … …
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Fig 4. Example of Trajectory space-time diagram

Stay activity attribute judgment
After obtaining the stay activity point of the sample by clustering, it is necessary to infer its functional type. We 
choose to use POI data to judge, refer to the combination of TF-IDF algorithm and grid division method used in the 
related research of function area judgment, identify POI weights, determine grid function attributes, and further 
infer the type of stay activity points (Sparck Jones, 1972; Zhu, 2024). The specific method is to divide the area 
within the research scope into multiple grids according to the side length of 120m, and determine the weight 
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of each functional category in the POI data falling into the grid. In the weight calculation part, using the good 
classification ability of TF-IDF algorithm, each grid area is regarded as a single text, and the proportion of POI 
categories in a single text is regarded as word frequency. IDF (Inverse Document Frequency) is used to represent 
the importance of different POI categories, and finally the POI weights of each category in each grid are obtained. 
Then the weight proportion is calculated, and the function of grid area is divided according to the proportion. In 
this study, when the weight of a certain type of POI in the grid area accounts for more than 50%, it is considered 
that the functional category of the grid area is the same. When the weight of two types of POI is between 20% and 
50%, it is considered that the function category of the grid area is a combination of two types of functions. When 
the weight of all POIs is 0%, the function category of the grid area is considered as no data area. Other cases are 
classified as comprehensive functions. After determining the function of the grid area, assign it to the function 
type of all stay activity points falling in the grid.

However, in rural areas, there are many grids that are judged as no data area due to the lack of POI. In fact, 
these areas include built-up environmental areas such as villages and settlements, as well as natural areas such 
as fields and mountains. Therefore, it is necessary to combine the building contour vector data to assist the 
judgment. In rural areas, areas without POI but with buildings are generally within villages where residents live, 
and these areas can be regarded as functional areas of “Residence”. In this study, for the trajectory stay point 
marked as “no data area”, judge whether there is a building outline intersecting with it within the 120m diameter 
of the section. If there is, change the functional attribute of the point to “Residence”, otherwise, change it to 
“Natural area”. Finally, the potential activity type characteristics of each stay activity points are obtained.

Travel activity chain clustering
After obtaining the functional attributes of the sample stay activity points, it is necessary to build the sample 
daily activity chain. We first divide the trajectory of each sample in the time range of 8:00-10:00 into 28 time 
blocks in 30 minutes. Then judge whether the time range of each time block is within the start and end time 
range of the stop activity point in order. If it is within the range, the function attribute of the stay active point is 
assigned to the time block. Then all time blocks that are not assigned the function attribute of the active point 
are identified as “moving” activities. Finally, the activity chain data with granularity of 30 minutes is formed. 
Due to the relatively small sample size of 124 data collected by the self-rated health questionnaire, in order 
to ensure the consistency between the subsequent analysis and the self-rated health questionnaire data, the 
activity chain without corresponding questionnaire data was deleted according to the sample number before 
the activity chain clustering, and 709 travel activity chain data remained.

In the part of activity chain clustering, this paper draws on the trajectory vectorization and clustering method 
based on word vector model (word2vec) proposed by liwenxiang et al. (Li et al., 2024) In this study, the activity unit 
is mapped to a word vector, and the activity chain is mapped to a sentence vector, so that the activity pattern 
recognition problem is transformed into the semantic similarity measurement between the sentence vectors 
of the activity chain. Through cluster analysis, user groups with similar activity patterns can be identified. This 
method shows good effect in multi day activity pattern recognition. The daily activity chain data of all samples 
are converted into comma separated sentence text composed of functional attributes such as “Residence”, 
“Labor”, “Work”, “Transportation”, “Finance”, “Education”, “Medical”, “Tourism”, “Entertainment” “Shopping”, 
“Municipal”, “Comprehensive”, “Natural”, “Move”, in chronological order. Then use text data to train word2vec 
model, set the word vector dimension vector_size=19, the context window size window=20, and the minimum 
occurrence frequency of reserved words min_count=1, that is, words that appear at least once in the corpus will 
be retained. Finally, the daily travel activity chain sentence vector of each sample is generated, and SVD (Singular 
Value Decomposition) method is used to decompose the sentence vector to remove the main components in the 
data, so as to achieve normalization, which is convenient for feature recognition in subsequent clustering(Gargiulo 
et al., n.d.)。

After that, this study chose to use k-means algorithm to cluster the sentence vectors generated by the daily 
activity chain of samples. The algorithm has good interpretability for the results. The centroid of each cluster is the 
mean value of all data points in the cluster, which can directly reflect the central position and main characteristics 
of the cluster data (Li et al., 2020; Lin et al., 2009) . Because the k-means algorithm needs to specify the number of 
clusters in advance, the elbow method combined with the comprehensive judgment of contour coefficient can 
better distinguish the appropriate number of clusters (Humaira and Rasyidah, 2020), as shown in Fig 5. Combined 
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with the actual travel activities, elbow diagram and contour coefficient results, the preset clustering number k=7 
is selected to obtain the final clustering data.

Fig 5. Elbow diagram and contour coefficient diagram Fig 6.

Analysis of health level differences among different travel mode
After mapping the self-rated health questionnaire data with the clustered activity chain data according to 
the sample number, it is necessary to analyze the difference of health level between different activity chain 
clusters. The commonly used statistical analysis methods for differences mainly include Analysis of Variance, 
Chi-Square Test, and Nonparametric test (le Cessie et al., 2020; Lee et al., 2013). Variance analysis requires that the 
dependent variable is a continuous variable and meets the homogeneity and normality of variance. Chi square 
test is applicable to the case where the dependent variable is classified variable. Using SPSSAU data analysis 
platform, the health score data corresponding to all travel activity chains were normalized and then tested for 
normality(SPSSAU, 2025). The results showed that the p value was less than 0.05, and the residents’ self-rated 
health score data did not conform to the normal distribution (Table 6). Since the distribution of self-rated health 
data does not conform to the normal distribution, and the dependent variable is a continuous variable, this study 
uses a nonparametric test to analyze the difference of self-rated health scores between clusters in the activity 
chain.

Table 6. Analysis results of normality test

Analysis results of normality test

Shapiro-Wilk Kolmogorov-Smirnov kurtosisskewnessstandard deviationaverage valuesample sizeName

pStatistic W pStatistic D 

0.000**0.9280.000**0.1060.345-0.8670.2280.715650Total health score( normalization)

* p<0.05 ** p<0.01

Results
In order to better analyze the activity patterns represented by each activity chain cluster, the functional attribute 
weights of all activity chains in each cluster are calculated and represented as images (Fig 6). It can be seen that 
the stay activities of the samples in cluster 0 are distributed in “Natural”, “Comprehensive”, “Residence” and 
“Shopping”, and the weight of “Residence” is relatively high, but not more than 50%. The stay activities in cluster 
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1 are obviously concentrated in “Residence”, and a small part are distributed in “Natural”. The stay activities in 
cluster 2 are less distributed in “Residence “, relatively balanced in “Finance”, “Medical” and “Shopping”, and there 
are stay activities in some “Medical” areas. In cluster 3, “Medical” has the highest weight, followed by “Residence” 
and “Shopping”, and there are also a few stay activities in the “Medical” area. The stay activities in Cluster 4 are 
obviously concentrated in the “Comprehensive” area. The stay activities in cluster 5 are mainly “Work”. Cluster 6 
is mainly distributed in “Natural”, “Tourism”, “Entertainment”, “Shopping” and other “Entertainment” areas, but 
in addition to “Residence”, there are also “Medical” areas in other activities.

Fig 6. Feature weight of clustering activities

Nonparametric test was used to analyze the health differences among clusters of activity patterns. The results 
are shown in the table below (Table 7). The original hypothesis was that there was no difference in the self-
rated health scores among the activity mode clusters. Since the p value was equal to 0.011 and less than 0.05, 
the original hypothesis was rejected and it was considered that there were differences in the self-rated health 
scores among the activity mode clusters. Draw a box plot to further analyze the specific differences in self-rated 
health scores among various activity modes (Fig 7).
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The median of self-rated health score in cluster 2 is the highest 440, and the data distribution is relatively 
concentrated, with small variance, but the sample size is too small, and it shows an obvious left deviation 
distribution. The median of self-rated health score in cluster 0 was 403, which was at the second high level. 75% 
of the data were concentrated between 328 and 419.8, which had a certain concentration. The median self-
rated health score of cluster 1 was 382.0, and the score distribution was between 339.5 and 414.0. Compared 
with cluster 0, the 75% data distribution was more concentrated. The median self-rated health score of cluster 
3 was 373.0, and 75% of the scores were distributed between 271.0 and 420.0, indicating that the cluster had a 
wide range of health scores, and the self-rated health scores were not concentrated enough and showed a left 
skewed distribution, with more head data. The median self-rated health score of cluster 6 was 356.0, and 75% of 
the scores were concentrated between 294.0 and 385.0, which was significantly lower than that of cluster 0, 1, 2 
and 4. The self-rated health score data of cluster 5 are all 352. Due to the small amount of data, it is considered as 
a special activity chain cluster with obvious characteristics. The median self-rated health score of Cluster 4 was 
348.5, and 75% of the scores were distributed between 323.0 and 422.0, showing a right deviation distribution, 
with more tail data. Combined with the median and data distribution, the overall self-rated health score in this 
cluster is lower than that in clusters 0, 1, 2 and 3.

Table 7. Nonparametric test analysis results

Nonparametric test analysis results

pKruskal-Wallis test statistic H Cluster median M(P25，P75)

6.0(n=19)5.0(n=5)4.0(n=6)3.0(n=19)2.0(n=6)1.0(n=626)0.0(n=28)

0.011*16.477356.0

(294.0,385.0)352.0

(352.0,352.0)348.5

(323.0,422.0)373.0

(271.0,420.0)440.0

(398.8,440.0)382.0

(339.5,414.0)403.0

(328.0,419.8)Total score of self-rated health

* p<0.05 ** p<0.01
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Fig 7. Box plot of self-rated health scores among different activity clusters

Discussion
This study found that in the daily life of residents in rural areas, the scope of activities of most people is relatively 
small, only staying in the village and its surrounding areas. According to the actual situation, cluster 0 is defined 
as “residential-mixed” travel activity mode, cluster 1 as “residential-natural” travel activity mode, cluster 2 as 
“commercial service” travel activity mode, cluster 3 as “municipal facilities” travel activity mode, Cluster 4 as 
“comprehensive functional” travel mode, cluster 5 as “office” travel mode, and cluster 6 as “entertainment” 
travel mode.

The health level of “commercial service” travel activity mode is the highest, and its activities are mainly 
concentrated in financial, municipal, commercial services and other areas, and a certain proportion of activities 
occur in medical areas. Commercial activities are usually associated with higher economic income and better 
living conditions, which may further promote the health status of residents (Contoyannis and Jones, 2004). 
However, the data volume of this cluster is small, and the data presents a significant left biased distribution, 
which may limit the universality of the results. Future studies need a larger sample size to verify this finding.

The self-rated health score of the “residential-mixed” travel activity mode is the second highest, covering 
activities in a variety of functional areas, including residential and related services, comprehensive functional 
areas, commercial service areas, etc. This diversified mode of travel activities may enable residents to access 
different types of resources and services, thus having a comprehensive positive impact on health. Residential 
areas usually provide basic living security, while comprehensive functional areas and business service areas 
may provide additional facilities and social opportunities. These factors work together to help maintain a high 
level of health.

The “residential-natural” travel activity mode has the largest amount of data, and the overall health level is widely 
distributed, and most of them are concentrated in the high score level, second only to “commercial service” 
and “residential-mixed”. The stay activity of this mode are mainly concentrated in “Residence” and “Natural”. 
According to the questionnaire, most rural residents need to go to farmland and woodland for labor in their daily 
life, and the moderate intensity physical activity brought by labor may promote their health level (Blair et al., 
1992; Posadzki et al., 2020) . At the same time, the natural environment usually has a positive impact on mental 
and physical health, helping to relieve stress, improve mood and enhance physical activity (Ewert and Chang, 
2018; Jimenez et al., 2021). However, there are still some residents with relatively low scores in this mode. This 
may be related to the quality of the living environment, the accessibility and utilization of natural areas, and the 
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sensitivity of individuals to the natural environment. In addition, the relatively single type of activities may limit 
the healthy development of residents to a certain extent. The sample size of this cluster is 626 samples, which is 
one of the clusters with the largest sample size. The results have certain representativeness and reliability, but 
the impact of individual differences on health still needs to be considered.

The stay activities of the “municipal facility” travel activity mode are mainly concentrated in the “Municipal”, 
“Residence” and “Shopping” areas, and there are also a few stay activities in the “Medical” areas. The use of 
municipal service facilities provides residents with basic public services and convenience, and helps to promote 
the healthy lifestyle of residents. However, the cluster has a wide range of health scores, and the median 
advantage is not prominent, which may indicate that different individuals have different health benefits in the 
use of municipal facilities, which are affected by many factors such as individual health awareness, lifestyle, 
facility accessibility and so on. And the amount of clustering data is small, and the data distribution may also be 
affected by the sample characteristics. Further research is needed to clarify the specific mechanism behind it. 

The “comprehensive functional” travel activity mode is mainly parked in the comprehensive functional area, and 
the overall level of self-rated health score is lower than the first few. Comprehensive functional areas usually 
integrate many functions such as residence, commerce, office and leisure. Although they provide convenient 
living and working conditions, such areas may also have adverse health factors, such as noisy environment, 
poor quality and high density, which will have a negative impact on the health of residents, and then affect their 
health. The amount of clustering data is small, and the data distribution may have large deviation. More research 
is needed to verify this hypothesis.

The stay of “leisure and entertainment” travel activity mode is mainly distributed in “Natural”, “Tourism”, 
“Entertainment”, “Shopping” and other areas, as well as “Residence” and “Medical” areas. Leisure and recreational 
activities are generally considered to be beneficial to mental and physical health, and can relieve stress, enhance 
physical activity and promote social interaction (Fancourt D et al., 2021; Paggi et al., 2016). However, the health 
score of this cluster is not high, which may be related to the type, duration, frequency of leisure activities and the 
subjective experience and response of individuals to these activities, and may also be related to the stay activity 
of these data in the “medical” area. The amount of clustering data is small, and the data distribution has some 
limitations. More research is needed to explore the complex relationship between leisure and entertainment 
activities and health.

The self-rated health score of the “office” travel activity mode is the lowest, mainly in the “office” area. Long term 
office activities may lead to problems such as reduced physical activity, increased work pressure, and increased 
psychological burden, which may have a negative impact on health (Kouvonen et al., 2013) . However, the sample 
size is small and the source is single, which may be due to the small number of people in the daily regular office 
travel mode in rural areas.

Conclusion
The results show that there are differences in self-rated health level among rural community residents with 
different travel activity modes. Among them, the residents’ health score of the “commercial service” model is the 
highest. It is speculated that social interaction and economic interaction in business activities have a positive 
effect on health, and may also be related to the higher economic level of people engaged in business activities; 
The health level of residents in the “residential-mixed” mode is second, and the diversified types of activities 
enable residents to contact multiple types of resources and services, which has a certain promoting effect on 
health. The “residential-natural” travel activity mode is the main mode of daily travel for residents in rural areas. 
In this type of travel activity mode, most residents’ self-rated health level is relatively high, which may be related 
to the fact that some residents in rural areas are engaged in agricultural activities to promote physical activity. 
The residents’ self-rated health score level of the “municipal facility” travel activity mode is relatively scattered, 
indicating that the travel mode has no obvious centralized health level characteristics, and the health level of 
the group may have more complex correlation with personal factors. The residents’ self-rated health score of 
the “comprehensive functional” travel activity mode is lower than that of the first three activity modes. It is 
speculated that the comprehensive functional areas in rural areas may have poor environmental quality, which 
is not conducive to health promotion. The self-rated health score of residents in the “entertainment” mode 
is relatively poor, which is contrary to the generally believed promotion effect of leisure and entertainment 
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activities on health. This kind of activity mode has the activity stay in the medical area, which may indicate that 
these people’s health level is poor, so they choose leisure and entertainment activities for treatment, leading to 
different conclusions. The health score of residents in “office” mode is the lowest, which is consistent with the 
conclusion that physical activity decreases and stress increases due to long-time office work in previous studies.
In view of the differences between different travel activity modes and the self-rated health level of rural 
community residents, it is suggested to reasonably arrange various functional areas in rural community 
planning, encourage the development of commercial services and mixed functional areas, enhance economic 
vitality and social communication opportunities, and promote residents’ health. In rural areas, the environmental 
quality of comprehensive functional areas should be optimized to avoid adverse effects on health. At the same 
time, increasing the planning and configuration of leisure areas should not only meet the residents’ needs for 
treatment, but also consider how to enhance the health promotion effect of activities. In addition, when planning 
the office area, we should pay attention to the health status of office residents, reasonably arrange the working 
hours and environment, and reduce the health risks caused by reduced physical activity and increased stress, so 
as to comprehensively improve the health level of rural community residents.

However, this study also has limitations. The sample size is relatively small and concentrated in specific areas, 
which may affect the universality of the results; The data collection time is short and does not cover the impact of 
different seasonal changes on travel and health. Future research should expand the sample size and geographical 
scope of rural areas, extend the time of data collection, and combine more objective health indicators with travel 
monitoring methods to further verify and deepen the research conclusions, so as to provide more comprehensive 
and accurate guidance for rural community health planning.
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