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Due to an increasing life expectancy and
decreasing fertility rate, China officially entered a
stage of increased ageing in 2011™, According to
China’s seventh national census, 2019, the country’s
overall population was 1.44 billion, and this included
eighteen per cent of people over 60 (13.5% of
people exceeding 65 vyears old). Generally, the
ageing population gives rise to challenges around
healthcare and socioeconomics for policymakers and
caregivers. According to recent estimates, the
population will increase to approximately 483 million
by 2050, with 108 million people over the age of 80.
Under such circumstances, improving the quality of
life of those in this demographic is urgent and will
play a vital role in social stability.

The critical contribution of the neighborhood
environment to the quality of life of the ageing
population was recognized many years ago, and
since this time extensive research has been
conducted on the health of older adults in China'.
Elderly people living in pedestrian areas that are in a
good condition (e.g., those that include safe streets
and public spaces, strong connectivity and so on) are
more likely to exhibit positive behaviors and
experience positive physical and mental health
outcomes®™.

The impact of the built environment on physical
health is complex, and there is an inseparable
relationship between them. Physical activity is one of
the bridges that connects the built environment and
physical health. Although the link between the built
environment, behaviors, and health has long been
known, most studies have focused on a specific
location, and only a few empirical investigations
have considered older individuals.

Diet and socializing are also major metavariables
contributing to the relationship between the built
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environment and individuals’ health. Studies have
indicated that the opening of a grocery
establishment alone may not impact consumption
and BMI. The built environment can affect social
outcomes by providing open spaces, increasing
traffic and road quality, and land use mix.
Additionally, better access to transportation can
reduce social exclusion and social isolation®.
However, current studies fail to discuss three
behaviors at the same time. Instead, many of them
focus on just one area. In addition, studies focusing
on older age groups are limited.

Chinese Longitudinal Healthy Longevity Survey
(CLHLS; 1998-2018; officially released in 2020:
https://www.icpsr.umich.edu/web/NACDA/series/4
87) is the earliest and longest social science survey in
China. The Healthy Aging and Development Research
Center and National Development Academy of
Peking University conducted the follow-up survey.
The survey covered 23 provinces and autonomous
regions across China. Data from this tracking survey
was acquired from older adults over 65 years old.
The survey included basic personal information,
family structure and financial support, health status,
physical measurement, medical services, health
insurance, work, retirement and pensions, income,
consumption, assets, and essential community
information. After deleting the sample data that
included missing values, we still had over 4,000
samples for analysis conducted in the current study.

Table Al shows the descriptive statistics of the
variables (details are given in the Supplementary
Table S1, available in www.besjournal.com). For the
current study’s focus, six socio-demographic
variables were chosen to explore the socio-
demographic factors affecting physical activity
among the elderly, including age, sex, family size,
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family income (total household income for the past
year), ethnicity, and school age. As guided by other
scholars and the theoretical model of environments
and health outcomes, six built-environment
characteristics were chosen. Therefore, the variables
used in the current study are living location,
population density, greenness rate, distance from
the city centre (we use distance from the city centre
as a reference for destination accessibility), the
flatness of the land, and standard area of
environmental noise. The physical health outcomes
were measured using the body mass index (BMI),
instrumental activity of daily living (IADL), and
chronic diseases.

In this study, the author divided the data into
75% of the training set and 25% of the testing set,
and then used the results of Random Forest™ and
XG-Boost"” as inputs to import logistic regression.
The output results of the logistic regression
constituted the final research results. This model is
referred to as the Stacking model® (Figure 1). The
authors performed 5-fold CV when using the
Random Forest model as well as the XGBoost model.
In essence, logistic regression is linear regression,
and the special feature is that a layer of logical
function g(z) is a sigmoid function and is added to
the mapping of features onto the results. Therefore,
logistic regression = linear regression + the sigmoid
function.

The formula of logistic regression:

1
nl) = ——
1+e

(1)

The term Stacking refers to modelling the
stacking of raw data to fit a given model. It first
learns raw data through a base learner, then outputs
raw data through these base learners, and then
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Figure 1. Principle of the Stacking model.

stacks the output of these models into columns to
form new data in the dimensions of (m, p). m
represents the number of samples, p represents the
number of base learners, and then the new sample
data is given to the second layer model for fitting.

The results are presented in Table 2. They
demonstrate the relationship between physical
activity, dietary intake, and social interaction with
health (BMI index, IADL index, and chronic diseases).
The results were all implemented using the Random
Forest model and placed in supplementary files
(Table 1). For chronic diseases, physical activity
(0.4876) and dietary intake (0.370) were highly
correlated, but dietary intake was found to be less
influential. The BMI index was also seriously affected
by physical activity and dietary intake, while social
interaction was not highly correlated. The results in
the figure show that IADL was highly correlated with
social interaction. In general, physical activity was
more important in elderly people’s health than social
interaction or dietary intake, whereby it had a
significant effect on chronic diseases and BMI in this
study.

The socio-demographic variables occupied
39.73% of total physical activity, while the built-
environment variables held 60.27%. The outcome
testified to the finding that activity depends on the
surrounding environment™. This robust evidence
supports notions that the built environment directly
affects the level of physical activity of the elderly.
The living location (11.05%) and population density
(9.01%) were the strongest factors that influence
exercise activity. This may be because the areas with
high population density tend to have high regional
connectivity, a high population density and street
connectivity[m]. Further, other selected environment
variables such as greenness rate (8.42%), distance
from the city centre (8.69%) and flatness of land
(7.60%) also weighed more heavily than family size
(5.08%) and being male (4.05%). This indicates that
the characteristics of family size and most
sociodemographic variables have little effect on
physical activity. However, the impact of age and
income on  physical activity cannot be
underestimated. Age was the second most
important variable and family income was found to
be at 8.65%.

As for food intake, the top five factors that had
the greatest impact were noise standard area
(12.68%), distance from the city centre (11.50%),
population density (10.20%), age (9.57%), and
flatness of land (9.14%). This also sheds light on the
environmental impact on dietary intake in the older
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age group. The results revealed that the social
interaction of the aged group is closely related to
demographic variables and environmental variables,
accounting for almost half of their importance.
Among them, the most important environmental
factors affecting the social interaction of the elderly
were population density (8.82%), distance from the
city centre (8.82%), and greening rate (8.74%). The
model of the evaluation results is shown in Table 2.
In this paper, six evaluation indexes were used to
evaluate the accuracy of the model. The mean
absolute error, mean squared error, root mean
squared error, R-square, and kappa value of the
model were found to be 0.021801, 0.001744,
0.083692, 0.986192, 0.994933, and 0.983952,
respectively. This indicates the superior performance
of the Stacking model in terms of improving

Considering China’s rapidly ageing population,
it is necessary explore the impact of the built
environment on the activities and health of the
elderly. Therefore, we evaluated the relationship
between the built environment and health using
innovative machine-learning techniques and
statistical methods. The results of this study
revealed that 1) physical activity had a more
prominent impact on health in older adults than
social interaction, and dietary intake, and had a
positive effect on health; 2) the built environment,
followed by socio-demographic characteristics, was
the most important factor influencing the physical
activity and dietary intake of older people; 3)
distance from the city centre and the flatness of
the land were the most important variables
affecting the behaviors of elderly people in this

accuracy. study; and 4) age and education level were found
Table 1. Model results of behaviors and physical health
Chronic Diseases IADL BMI
Behaviours

RF XGBoost  Stacking RF XGBoost  Stacking RF XGBoost  Stacking
Dietary intake 0.3495  0.3833 0.3700 0.2575  0.0117 0.0609 0.2575  0.2815 0.3433
Social interaction 0.0828  0.1826 0.1427 0.6337  0.9270 0.8683 0.6337  0.2436 0.1778
Physical activity 0.5677  0.4342 0.4876 0.1088  0.0612 0.0708 0.1088  0.4748 0.4789
Model evaluation index
Mean Absolute Error 0.1538  0.2548 0.1149 0.2701  0.4057 0.1513 0.0914  0.1786 0.0785
Root Mean Squared Error 0.3922  0.3569 0.2658 0.3746  0.1832 0.1465 0.1529  0.1756 0.0847

Note. RF, Random forest; XGBoost, eXtreme gradient boosting; IADL, Instrumental activities of daily living;

BMI, Body mass index.

Table 2. Importance and rank of the built-environment and social-demographic variables

Variables

Variable

Exercise (%) Food intake (%) Social interaction (%)

Socio-demographic variables

Total

Built-environment variables

Total

Age

Gender

Family size

Annual Household Income

School ages

Living location

Population density
Greenness rate

Standard of noise

Distance from the city centre

Flatness of land

11.21 9.57 34.10
4.05 6.13 3.26
5.08 5.93 6.36
8.65 9.14 9.61

10.02 6.68 6.28

39.73 37.44 46.51

11.95 6.51 8.09
9.01 10.02 8.82
8.42 8.53 8.74
9.02 12.68 7.14
8.69 11.50 8.82
7.60 9.14 6.65

60.27 62.56 53.49
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to be non-negligible variables affecting the
activities of the elderly group among the socio-
demographic factors evaluated.

The results revealed the different effects of the

built environment on the physical activity, eating
habits and social interactions of the elderly,
culminating in the effects of these three factors on the
physical health of this group. The current study
contributes information regarding the quality of life of
humans and provides insight into the factors affecting
global ageing. The Chinese government should take
measures to enhance noise management as well as
accessibility to individuals’ daily destinations. At the
same time, the government should pay more
attention to the physical activity behaviors of the
elderly population as physical activity greatly benefits
the health of this cohort. In addition, the social
background attributes of the elderly population should
not be ignored in policy formulation, and targeted
policies should be customized for different groups.
Future research should aim to determine the specific
impact of the built environment on the elderly using
geographic information systems (GIS) and more
objective data for analysis.
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