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Abstract. With the growing challenge of aging populations around the 
world, the study of the elderly service is an essential initiative to 
accommodate the particular needs of the disadvantaged communities 
and promote social equity. Previous research frameworks are very case-
specific with limited evaluation indicators that cannot be extended to 
other scenarios and fields. Based on multi-source data and Geographic 
Information System (GIS), this paper quantifies and visualises the 
imbalance in the spatial distribution of elderly services in 218 
neighbourhoods in Shijingshan District, Beijing, China. Mortality data 
were obtained, and the most contributing indicators to mortality were 
investigated by correlation analysis. Finally, mapping between other 
facility indicators to mortality rates was constructed using machine 
learning to further investigate the factors influencing the quality of 
elderly services at the community level. The conclusion shows that the 
functional density of transportation facilities, medical facilities, living 
services facilities, and the accessibility of elderly care facilities are most 
negatively correlated with mortality. The correlation conclusion is 
combined with a machine learning prediction model to provide future 
recommendations for the construction of unbalanced elderly 
neighbourhoods. This research offers a novel systematic method to 
study urban access to elderly services as well as a new perspective on 
improving social fairness. 

Keywords. Elderly Service Facilities; Multi-source Data; Machine 
Learning; SDG 3; SDG 10; SDG 11. 

1. Introduction 

Data from China's Seventh Census indicates that the proportion of the resident 
population aged 60 and above in Beijing has reached 19.6%. The elderly dependency 
coefficient has been rapidly increasing, boosting pressure on social pension and other 
political and economic challenges. With the looming challenges of an aging 
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population, the study of the elderly service access is an essential initiative to 
accommodate the particular needs of the disadvantaged communities and further 
promote social equity. 

In the current rapid aging societies, the study of elderly care facilities has received 
extensive attention from scholars, both domestically and internationally. New data and 
algorithms are being integrated into the area of study due to the introduction of new 
urban science. Bingqiu et al., (2014), used structural equation modeling (SEM) to 
examine the satisfaction of seniors concerning the elderly services and living 
environments. Junling et al., (2017), used validated and psychometrically tested 
measures to assess each neighbourhood's social and physical attributes. Yanan and 
Pak-Kwong, (2017), examined the associations between walkability related 
environmental attributes and health-related quality of life. Fan et al., (2019), used the 
Gaussian two-step floating catchment area (G2SFCA) method to assess the 
accessibility to community-based services. Fan and Dezhi, (2019), adopted multiple 
linear regression (MLR) and structural equation modeling (SEM) to test the integrated 
model for community-dwelling older adults, and developed a mediation model called 
“Neighborhood Environment-Quality of Life (NE-QoL)” for community-dwelling 
older adults (Fan and Dezhi, 2019). Nicia et al., (2020), analysed the available 
instruments intended to measure the quality of life of institutionalised older adults. Ma 
et al., (2021), proposes a method to identify the ideal distribution of elderly facilities. 
However, several gaps can be found from the existing research: firstly, the data sources 
are mostly outdated and can no longer meet the research requirements; secondly, many 
studies overlook the influence of perceptible walking environment. Meanwhile, some 
research frameworks are very case-specific that cannot be extended to other scenarios.  

Based on the above, we conducted a sub-district level analysis to determine the 
imbalanced distribution of elderly services. Based on multi-source data, correlation 
analysis and machine learning regression analysis were carried out to further 
investigate the factors influencing the quality of elderly services at the community 
level. 

2. Methods 

2.1. FRAMEWORK 

Supported by open-source data and machine learning algorithms, 218 neighborhoods 
of 9 sub-districts selected from Shijingshan District were studied. Researched on the 
community-level distribution of elderly services, we used multi-source data to 
construct 20 indicators divided by three major categories, namely indicators of elderly 
population, indicators of elderly service circle quality, and indicators of elderly care 
facilities quality. Data was normalised to undertake a comparison of the quality of 
elderly services at the sub-district level. And then, the Spearman approach is used to 
conduct a correlation analysis. Finally, a supervised machine learning regression 
analysis and modelling study was carried out to further investigate the factors 
influencing the quality of elderly services at the community level. 
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Figure 1. The research workflow 

2.2. RESEARCH SITE 

The Shijingshan District has a resident population of 567,851, with 137,768 individuals 
aged 60 and above accounting for 24.3%, according to the 7th National Census (2021). 
In some sub-districts, such as Bajiao, the elderly population is extremely large: "the 
household population of elderly people account for 29.7% of the total population, and 
the proportion in a few communities even reaches 40%, far exceeding the average level 
in Beijing". We conducted research of elderly service accessibility on 218 
neighborhoods selected from Shijingshan District. 

Figure 2. Research site 

2.3. CALCULATING THE INDICATORS OF “ELDERLY CARE FACILITY 
QUALITY (ECFQ)” 

2.3.1. Beds Coverage (BC) 

Data on the number of beds in elderly care facilities came from two sources: online 
websites (yanglao.com.cn) for the number of beds in commercial elderly care facilities, 
and offline surveys for the number of beds in community-based elderly care facilities. 
In this paper, a bed-per-100-person calculation was conducted to create the indicator 
of beds coverage. 
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2.3.2. Facility Accessibility (FA) 

The spatial accessibility of facilities is a crucial criterion for assessing the rationality of 
elderly service distribution. This research uses the Gaussian 2-step Floating Catchment 
Area (G2SFCA) approach, which can account for the influence of supply scale, 
demand scale, and spatial impedance factors between supply and demand sites on 
elderly care facility accessibility (Dajun et al., 2011). G2SFCA method estimates the 
accessibility of elderly care facilities in two phases, depending on the place of supply 
and demand, respectively. In this paper, the supply and demand sides are elderly care 
facilities and neighbourhoods. Formulas are shown in Table 1. 

Figure 3. Process diagram of 2SFCA (from left to right: Step 1: Calculating the supply/demand 
ratio; Step 2: calculating the accessibility of elderly care facilities). 

2.3.3. Street Accessibility（SA) 

The impedance size is employed to study the street accessibility, and it is calculated 
using the O-D cost matrix approach. The ease with which plots can be connected is 
reflected by the least impedance at any two nodes connecting plots. A greater number 
indicates a larger impedance, less geographical accessibility, and more spatial 
fragmentation (Puebla, 1996). The following formulas shown in Table 1 are used to 
calculate node accessibility and road network accessibility. In this paper, Baidu Map 
was used to gather road network data, which was then cleaned and analysed using 
ArcGIS. Following that, a road network model was created to make the calculations of 
street accessibility.  

Table 1. Formulas of the indicator FA and SA 

2.4. CALCULATING THE INDICATORS OF “ELDERLY SERVICE CIRCLE 
QUALITY (ESCQ)” 
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Older adults are less likely to travel long distances or make complex trips (Sekhar and 
Matthew, 2013). Previous studies on elderly services typically used administrative 
borders as the research scope, which did not correlate to the actual residential scope of 
the elderly. To solve this problem, we introduced the concept of the elderly service 
circle, which is based on a 15-minute walking range. 

We investigated to see if the rationale for choosing the 15-minute walking range as 
the study's scope was acceptable. Eight types of facilities were chosen to compare the 
two types of elderly service circles, 15-minute walking circle (WC), and circular buffer 
zone (CBZ). To establish a comparison, the scatter diagram is employed, 
demonstrating that the WC-based elderly service circle is more realistic.  

 
Figure 4. Comparison of the two types of elderly service circles (a:WC;b:CBZ;c:Scatter diagram) 

2.4.1. Functional Density (FD) 

This category of indicators focuses on twelve kinds of functional POI (Point Of 
Interest) density linked to the living of the elderly, (including: elderly care facilities, 
medical facilities, catering, parks, public facilities, shopping facilities, transportation 
stations, education facilities, life services facilities, sports facilities, government 
institutions and housing). The data was transformed into Geospatial data with the use 
of ArcGIS platform, then connected to each neighbourhood's elderly service circle to 
make the calculation of each kind of functional density. 

2.4.2. Visual Perception (VP) 

A pleasant outdoor atmosphere is a key factor in attracting older adults to spend time 
outside. The green looking ratio (GLR) and the blue sky ratio (BSR) are two noticeable 
measures based on streetscape pictures. A total of 1346 location points were gathered 
to get 5384 streetscape pictures (4 fetching directions), with using the API interface of 
Tencent Map. Image semantic segmentation algorithms are used to calculate these two 
indicators. Semantic segmentation divides a picture into categories by using a 
convolutional neural network (CNN) to categorise the pixels. 
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2.5. CALCULATING THE INDICATORS OF “ELDERLY POPULATION” 

2.5.1. Elderly Proportion (EP). 
The proportion of elderly population reflects the degree of ageing in the community. 
Due to limited data availability, this indicator uses the proportion of the elderly 
population at the Sub-district level published on the official website of the Bureau of 
Statistics.  

2.5.2. Elderly Density (ED). 
This category indicator was created using data from the 2020 Statistical Yearbook, the 
7th National Population Census, and Beijing's 100m raster population data, with 
geographical data calculated using ArcGIS.  

2.5.3. Mortality Rate (MR). 

The quality of elderly service system is linked to life expectancy and physical health. 
Therefore, in this study, in order to highlight the influence of the elderly service on the 
lives of the elderly, the mortality ratio of the old population was employed as an 
indicator reference. 

2.6. CORRELATION ANALYSIS 
Given that each indicator's range of values varies, a linear transformation is performed 
through normalisation, with the values mapped to the range [0,1] to avoid the impact 
of differing magnitudes. The following are the transformation functions. 

𝑥𝑥′ =
𝑥𝑥 − min (𝑥𝑥)

max(𝑥𝑥)−min (𝑥𝑥)
 

The variables were assessed for correlation using the Spearman approach and the 
Spearman rank correlation coefficient was obtained using SPSS software.  

𝜌𝜌 =
∑ (𝑥𝑥𝑖𝑖 − �̅�𝑥)(𝑦𝑦𝑖𝑖 − 𝑦𝑦�)𝑖𝑖

�∑ (𝑥𝑥𝑖𝑖 − �̅�𝑥)2(𝑦𝑦𝑖𝑖 − 𝑦𝑦�)2𝑖𝑖
= 1 −

6∑𝑑𝑑𝑖𝑖2

𝑛𝑛(𝑛𝑛2 − 1)
 

Where, n is the sample size, 𝑑𝑑𝑖𝑖 = (𝑥𝑥𝑖𝑖 − 𝑦𝑦𝑖𝑖)，𝑥𝑥𝑖𝑖 ,𝑦𝑦𝑖𝑖 respectively represent 
the rank of the two variables sorted by size. 

ρ is the rank correlation coefficient. If the value is positive, there is a positive 
association, otherwise the opposite. The stronger the association, the higher the 
absolute value. 

2.7. NEURAL NETWORK MODELLING 

Machine learning regression analysis and modelling study was carried out to better 
investigate the factors influencing the quality of elderly services at the community-
level. According to the machine learning algorithm framework, the above 19 indicators 
are selected as feature variables, and the mortality rate of the elderly is employed as a 
responsive variable for supervised regression analysis. In MATLAB, a shallow neural 
network is formed, and the model is tested using the hold-out approach. 70% of the 
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sample data is separated into training sets, 15% is used for verification, and 15% is used 
for the independent generalisation tests. 

3. Results and discussion 

3.1. RESULTS OF CALCULATION 

 

Figure 5 depicts the various indicators' clustering characteristics. Sub-district B and F 
have the largest proportion of elderly people, and Sub-district B and E have the highest 
density of elderly people, while Sub-district G and C have the highest mortality rates. 
The northern sub-districts have better access to elderly care facilities than the southern 
ones, with Sub-district B being the finest. The sub-districts with the highest green 
looking ratio and blue sky ratio are primarily on the west side, where mountains and 
rivers abound and the environment is of outstanding quality. 

461



P. GONG ET AL. 

 

As shown in the graph figure 6, the indicators within each elderly service circle are 
mainly concentrated in the center of district, which is home to the government's 
commercial center, and the neighborhoods in these places have better access to 
services; at the sub-district level, the indicators follow the same pattern, with a high 
value in the south and a low value in the north, which is related to their location. 

Figure 7. Results of normalisation of indicators 

Indicators are normalised to create a line graph that can visually compare and 
analyse the indicators of each sub-district, as illustrated in figure 7, which shows the 
quality status at the sub-district level. For example, all the value of Sub-district A's 
indicators are low, which is related to its location on the periphery; Sub-district G got 
medium values on most of indicators, but its mortality rate (MR) is the highest; and 
Sub-district F have a high level of functional density (FD) of the elderly service circle. 

3.2. RESULTS OF CORRELATION ANALYSIS 

The degree of correlation between the indicators is shown in Figure 8. A) There is a 
substantial correlation between the indices of functional density in the elderly services 
circle, indicating a clustering effect. B) The accessibility of elderly facilities is mostly 
adversely connected with functional indicators, which reflects the city's previous 
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overemphasis on the economics, resulting in the neglect of the development of elderly 
service system. c) Indicators including the functional density of transportation facilities, 
medical facilities, living services facilities, and the accessibility of elderly care facilities 
have a high negative link with mortality. It is shown that the quality of elderly service 
circle, density of elderly care facilities and quality of street environment will influence 
the health of older adults significantly. 

Figure 8. Spearman Correlation coefficient matrix 

3.3. RESULTS OF NEURAL NETWORK MODELLING 
As shown in Figure 9.(a), the MSE of the model gradually decreases as the number of 
model iterations grows for the three data sets, and the highest performance is attained 
at the tenth epoch. Figure 9.(b): the model's errors has a normal distribution of roughly 
-0.07756. Figure 9.(c) depicts the training results, on the training set:R2 = 0.9485, on 
the entire data set:R2 = 0.89195,which shows that the shallow neural network model 
regression works well. The results show that the neural network prediction model 
developed in this research has a lot of application potential. 

Figure 9. Neural network regression performance 
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4. Conclusion 

The investigation of the elderly service distribution is not only a trend in the scenario, 
but also a significant step toward ensuring the survival of vulnerable groups and 
promoting social fairness. Based on multi-source data and Geographic Information 
System (GIS), this paper quantifies and visualises the imbalance in the spatial 
distribution of elderly services in 218 neighborhoods in Shijingshan District, Beijing, 
China. Mortality data were obtained and the most contributing indicators to mortality 
were investigated by correlation analysis. Finally, mapping between other facility 
indicators to mortality rates was constructed using machine learning method, to further 
investigate the factors influencing the quality of elderly services at the community 
level. The study shows that the functional density of transportation facilities, medical 
facilities, living services facilities, and the accessibility of elderly care facilities are 
most negatively correlated with mortality. The neural network model created in this 
study performed well. 

The study has several limitations, such as a lack of sample precision due to limited 
data availability and the difficulties in establishing a well-being measure for the elderly. 
This research offers a systematic way to study urban elderly service as well as a new 
perspective dimension to improve social fairness. If our approach was adopted by 
government and urban designers, they could identify problematic areas in a highly 
targeted manner not possible before now. 
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