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A B S T R A C T   

Understanding disease treatment-seeking behaviors is a fundamental issue for national and regional healthcare 
management. However, treatment-seeking behaviors are complex and affected by various factors, including 
disease incidence, healthcare resources, and population accessibility to hospitals. Geospatial analysis is a prac-
tical approach to investigating treatment-seeking behaviors. Still, methods and cases are limited due to the lack 
of long-term data, interdisciplinary knowledge, and data analytic techniques. We develop a new paradigm for 
investigating spatial patterns and factors affecting bone disease treatment-seeking behaviors. We leverage 
consecutive long-term records of over 50,000 nationwide bone disease patients outside Beijing who had surgeries 
in a prestigious hospital in Beijing, China. Five categories of patient individual-level geographical and envi-
ronmental variables are derived from multi-source remote sensing and geospatial data to explain treatment- 
seeking behaviors. First, we develop a scaling approach to assess the relationships between bone patients and 
population migration. Next, we develop a treatment-seeking index to measure treatment-seeking behaviors and 
develop spatial models to identify their regional disparities, i.e., hotspots and coldspots. Finally, we develop 
spatial heterogeneity models to explore the complex factors affecting treatment-seeking behaviors. Results show 
that the developed paradigm is effective in examining national variations of the patterns of disease treatment- 
seeking behaviors. We find that (i) population migration is an effective predictor of the treatment-seeking be-
haviors of bone patients, (ii) significant hotspots and coldspots are identified for informing regional disparities, 
and (iii), multiple types of factors affecting the treatment-seeking behaviors through a geospatially overlapped 
approach. This study pioneers the development of geospatial models and implementation of patient individual- 
level data derived from satellite remote sensing for large-scale disease treatment-seeking behaviors assessment. 
The proposed paradigm provides solid evidence for previous and future policies and actions to address the 
regional inequality of disease treatments.   

1. Introduction 

Understanding disease treatment-seeking behaviors affect decision- 
making in national and regional healthcare management (Alegana 
et al., 2018, Willcox et al., 2018). Disease treatment-seeking behavior 
reveals the patients’ efforts in seeking effective healthcare resources 

within their cognitive scopes, with available healthcare facilities, and 
under specific situations of geography, environment, economy, trans-
port, education, and socio-cultural context (Tanner and Vlassoff, 1998, 
Jowett et al., 2004, Das et al., 2018). Disease treatment-seeking 
behavior is a complex issue, and it is associated with various factors, 
including the incidence of disease in different regions, healthcare 
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resources for the specific diseases, and population accessibility to 
healthcare facilities (Ruebush et al., 1995, Adhikari et al., 2019, Kane 
et al., 2019, Kenangalem et al., 2019). Mapping disease treatment- 
seeking behaviors is an essential interdisciplinary issue and provides 
solid evidence for large-scale decision-making. 

Recent research highlights the importance of quantitative analysis of 
treatment-seeking behaviors in increasing treatment opportunities. For 
instance, a community-based study of the treatment-seeking behaviors 
of the prevalence of lower urinary tract symptoms (LUTS) with 644 male 
respondents in Singapore revealed that a large number of moderate-to- 
severe LUTS did not seek medical support for treatment (Chong et al., 
2012). This study suggested that public awareness and variability of 
treatment options should be improved. A study about the treatment- 
seeking behaviors of psychiatric disorders of 31,464 older adults in 
India indicated that less than a half of patients would seek treatment, 
and patients from the most senior group, females, and certain regions 
had a low probability of seeking treatment (Srivastava et al., 2021). It is 
suggested that more attention is required for high-risk, psychologically 
distressed, and rural patients. In addition, spatial disparities and 
geographical factors have been essential components of understanding 
disease treatment-seeking behaviors. In the geographical information 
science (GIS), the assessment of spatial association widely has contrib-
uted to the characterization of spatial patterns and disparity, 
geographical factor exploration, spatial prediction, and geographical 
decision making (Song, 2022; Song and Wu, 2021). Geographical con-
ditions are closely associated with patients’ living environment, distance 
to hospitals, and groups of residents, such as income, education, gender 
equality, etc (Ghosh, 2004, Wangroongsarb et al., 2011, Alegana et al., 
2017). However, bench-making cases of large-scale mapping of disease 
treatment-seeking behaviors are limited due to the lack of long-term 
tracking datasets, interdisciplinary knowledge, and data analytic tech-
niques. More importantly, almost none of the previous studies 
mentioned treatment-seeking behaviors for bone diseases. 

We leverage consecutive records of hospital admissions, i.e., the 
long-term data of the nationwide bone disease patients who have had 
surgeries in a prestigious hospital, the Peking University Third Hospital 
(PUTH), in China, to investigate variation patterns and factors affecting 
bone disease treatment-seeking behaviors. A series of potential factors 
are collected to characterize groups of bone patients, geographical 
conditions, healthcare resources, socio-economic, climate, and envi-
ronmental conditions. We develop a treatment-seeking index to map 
bone disease treatment-seeking behaviors and employ advanced geo-
spatial models to estimate the impacts of different categories of factors 
on treatment-seeking behaviors. Therefore, the primary motivation of 
the study is to demonstrate the capacity of interdisciplinary knowledge 
and geospatial data analytic techniques in the assessment and man-
agement of treatment-seeking behaviors for bone diseases. Our findings 
suggest that population migration effectively predicts bone disease 
treatment-seeking behaviors. The identified hot-spot and cold-spot re-
gions demonstrate the spatially clustered regions that treatment strate-
gies should be improved from stakeholders’ perspectives, including 
patients, the public, hospitals, and healthcare management agencies. We 
also find that the geographical distance to the PUTH, patient age groups, 
and regional population density are essential factors affecting bone 
disease treatment-seeking behaviors. Our findings highlight the impor-
tance of large spatial scale mapping of disease treatment-seeking be-
haviors in health care management. 

2. Materials and methods 

2.1. Data and pre-processing 

2.1.1. Bone disease patients 
This study collects consecutive long-term records of the nationwide 

relatively severe bone disease patients who have had surgeries in the 14 
years from 2008 to 2021 in the prestigious hospital, the Peking 

University Third Hospital (PUTH), in Beijing, China. The bone patients 
are geocoded for geospatial analysis using their residential addresses. As 
a result, the dataset consists of 106,411 geocoded bone patients during 
the 14 years, where 52,229 (49.1 %) bone patients from cities outside 
Beijing are used for the analysis in this study. In the study, explanatory 
variables are computed for each patient, and then both patient and 
explanatory variables data are summarized at a city level. 

2.1.2. Population migration 
The population migration data are computed using the open-access 

Baidu Mobility Data stored in the Harvard Dataverse (China Data Lab, 
2020). The dataset provides daily inflows and outflows of population 
movement intensity between any cities in China, which are collected 
from the location-based service by Baidu in terms of the global posi-
tioning system (GPS) and a large number of apps on mobile devices (Lai 
et al., 2020). The Baidu Mobility Data has been applied in diverse 
research areas, such as COVID-19 research (Hu et al., 2020, Liu et al., 
2020, Han et al., 2021), and air pollution exposure and population 
migration during the Chinese New Year (Shen et al., 2021). Recent 
studies demonstrate a significant linear relationship between the Baidu 
Mobility Data and the actual population migration with a coefficient of 
k = 3.24 × 10− 5 (Wang and Yan, 2021). Therefore, in this study, the 
annual population migration (m) from other Chinese cities to Beijing is 
calculated as: 

m = k • h • 365 (1)  

where h is the average daily inflows of the population movement in-
tensity from other cities to Beijing. 

2.1.3. Explanatory variables 
The five categories of potential explanatory variables of the 

treatment-seeking behaviors of bone patients are listed in Table 1. 
Except for the socio-economic variables, local GDP per capita, and 
population density, all explanatory variables are computed for each 
patient and then summarized at a city level. The group of bone patients, 
including gender, age, and the percentage of older adults, are sourced 
from the bone disease treatment records in the PUTH. The locations of 
hospitals are sourced from the Points of Interest (POIs) of the Open-
StreetMap (https://planet.openstreetmap.org) and the HealthSites.io 
projects (https://healthsites.io/map), which include 9360 hospitals 
across China. The gridded GDP per capita data and population density 
data are sourced from the Chinese kilometer grid datasets of GDP (Xu, 
2017a) and population (Xu, 2017b) spatial distributions, respectively. 
The solar radiation is measured by the direct normal irradiation, sourced 
from the World Bank Global Solar Atlas 2.0 dataset with a spatial 

Table 1 
Summary of explanatory variables of bone disease treatment-seeking behaviors.  

Category Variable Code Description and unit 

Groups of bone 
patients 

Gender male Percentage of males 
Age age Mean age 
Elders elder Percentage of elderly people 

(aged 60 years or older) 
Geography Distance to 

PUTH 
dputh Average distance of patients to 

hospital PUTH (km) 
Distance to cities dcity Average distance of patients to 

the nearest provincial capital 
city (km) 

Healthcare 
resources 

Local hospitals hcr Hospitals per million persons 
Distance to local 
hospitals 

dhosp Average distance of patients to 
the nearest hospitals (km) 

Socio-economic Economy gdp GDP per capita (USD) 
Population pop Population density (/km2) 

Climate and 
environment 

Sunshine solar Solar radiation: direct normal 
irradiation (kWh/m2/day) 

Temperature temp Temperature (◦C) 
Precipitation prec Precipitation (mm/year)  
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resolution of 250 m (The World Bank, 2020). The datasets of tempera-
ture and precipitation used in this study are sourced from the Network 
Common Data Form (NetCDF) at https://doi.org/10.5281/zenodo. 
3185722 for temperatures and https://doi.org/10.5281/zenodo. 
3114194 for precipitation (Peng et al., 2019), respectively. 

2.2. Scaling relationships 

The scaling relationship between the treatment-seeking behavior of 
bone patients and population migration is explored to test if patterns of 
treatment-seeking behaviors are consistent across space. The scaling 
relationship analysis will provide quantitative evidence that it is 
reasonable to develop a treatment-seeking behavior index using the 
patients and population migration data. The relationship between 
annual bone patients treated in the PUTH (α) and the annual population 
migration to Beijing (m) is assessed using a power-law scaling function: 

α(u) = c0m(u)β (2)  

where u is a city outside Beijing, c0 is a normalization constant, and β is 
the exponent coefficient revealing the scaling relationships between α(u)
and m(u). 

2.3. Mapping treatment-seeking behavior index 

We develop a bone disease treatment-seeking behavior index γ to 
reveal the spatial disparity, map and analyze treatment-seeking behav-
iors: 

γ =
α

m • 10− 6 (3)  

Thus, γ means the treated bone patients in the PUTH per million 
migration population. The spatial clustering regions, including the 

hotspots and coldspots, are identified using the local indicators of spatial 
association (LISA), a geographically local autocorrelation and clusters 
identification approach (Anselin, 1995). A hotspot city means that the γ 
values are relatively high in both this city and its surrounding cities, and 
a coldspot city means that the γ values are relatively low in both this city 
and its surrounding cities (Ge et al., 2017). The hotspot or coldspot cities 
at adjacent and close locations are labeled as hotspot or coldspot re-
gions, i.e., hotspots or coldspots (Song et al., 2018, 2021). 

2.4. Contributions of geospatial variables 

The contributions of individual, regional, and geographically com-
bined variables to γ are calculated using a pioneered geospatial method, 
the geographically optimal zones-based heterogeneity (GOZH) model 
(Luo et al., 2022). GOZH is an effective model for exploring geospatial 
factors and measuring spatial association based on the spatial stratified 
heterogeneity (Guo et al., 2022, Luo et al., 2022). GOZH describes the 
spatial association by comparing regional variance values at spatial 
zones determined by explanatory variables and the variance of data 
across the whole study area (Wang et al., 2010, 2016, Song et al., 2020, 
2021). GOZH has the following advantages in geospatial factor explo-
ration. First, GOZH is a flexible model, and no statistical assumptions are 
required, which is similar to other spatial stratified heterogeneity-based 
models, such as the widely used optimal parameters-based geographical 
detector (OPGD) (Song et al., 2020) and robust geographical detector 
(RGD) (Zhang et al., 2022) models. In addition, the maximum spatial 
association is explored through an optimization algorithm that identifies 
geographically optimal zones with the minimum intra-area variance and 
the maximum inter-area variance (Luo et al., 2022). Finally, compared 
with other optimization and machine learning algorithms, GOZH can 
effectively visualize the entire tree-structure spatial discretization pro-
cess and geographically optimal zones. 

In GOZH, the power of determinants of explanatory variables is 

Fig. 1. Bone disease patients treated in the Peking University Third Hospital (PUTH) from 2008 to 2021 and the population migrated to Beijing. a. Spatial dis-
tributions and monthly trends of bone disease patients; b. Annual average bone patients (α); c. Population migration to Beijing; and d. Relationship between annual 
population migration to Beijing (m) and α. 
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calculated as: 

Ω = 1 −
min(

∑s
z=1Nzσ2

z )

Nσ2 (4)  

where Ω is the maximum contribution of explanatory variables, Nz(z =

1, ..., s) and σz are the number and standard deviation of data within a 
zone z, which is determined by one or multiple spatial explanatory 
variables, and N and σ are the number and standard deviation of data in 
the whole study area, respectively. The Ω enables the minimum intra- 
zone variance and the maximum inter-zone variance, and the optimi-
zation process is converted as: 

min

(
∑s

z=1
Nzσ2

z

)

= min

(
∑s

z=1

∑Nz

j=1

(
yz,j − yz

)2

)

(5)  

where yz,j is the j th (j = 1,...,Nz) observation at the zone z, and yz is the 
mean of data at the zone z. The detailed optimization process to derive Ω 
can be found in (Luo et al., 2022). The GOZH is modeled using the R 
software packages “GD” (Song et al., 2020) and “rpart” (Therneau et al., 

2010, Therneau et al., 2015, Milborrow, 2016). 
Further, we develop a series of spatial comparison experiments to 

assess the regional contributions of factors to Ω. In the spatial compar-
ison experiments, the regional contribution of factors to Ω at a hotspot or 
coldspot region is calculated by comparing Ω values in areas between 
the combination of hotspot/coldspot and non-hotspot/non-coldspot re-
gions and the hotspot/coldspot region. The calculation equation is: 

ΔΩ = Ω(A+B) − Ω(B) (6)  

where ΔΩ is the contribution of factors to Ω at a hotspot or coldspot 
region A, Ω(A+B) is the contribution of factors at the combined region 
of the non-hotspot and non-coldspot region (region B) and the region A, 
and Ω(B) is the contribution of factors at the region B. 

3. Results 

We analyze bone disease treatment-seeking behaviors using 
advanced geospatial models and multi-source spatial and remote sensing 
data. First, we assess the relationship between long-term geocoded bone 

Fig. 2. Spatial distribution of bone disease treatment-seeking index γ in PUTH (a) and identified clustering regions of γ, including hotspots and coldspots (b).  
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disease patients and population migration. We propose that the popu-
lation migrated from other cities to Beijing is an effective predictor of 
the bone patients who travel from other cities to the PUTH in Beijing. 
Second, we develop a treatment-seeking behavior index using the bone 
patients and population migration data for mapping and identifying 
regional hotspots and coldspots of treatment-seeking patients. Finally, 
we explore the individual, regional, and geographically combined fac-
tors affecting the spatial disparities of treatment-seeking behaviors. 

3.1. Bone disease patients and population migration 

Fig. 1 shows the relationships between bone disease patients treated 
in the Peking University Third Hospital (PUTH), Beijing, China, from 
2008 to 2021, and population migration to Beijing. Fig. 1a provides a 
descriptive view of the spatial distribution of 106,411 geocoded bone 
patients treated in the PUTH, including 52,229 (49.1 %) bone patients 
outside Beijing, and the temporal variations from 2008 to 2021, 
respectively. Fig. 1b shows the spatial distribution of a city-based 
summary of annual bone patients (α) of bone patients in the PUTH, 
showing that α gradually decreases from cities near Beijing to cities far 
from Beijing. Fig. 1c maps the city-based population migration to Bei-
jing, which shows a similar spatial pattern with the distribution of α. 
Fig. 1d shows the relationship between annual population migration (m) 
to Beijing and the annual bone patients in the PUTH, i.e., log(α) log(m). 
The results show that they are significantly correlated, and the popu-
lation migration is an effective predictor of the annual bone patients 
with a coefficient of β = 1.008(p < 0.01). 

3.2. Mapping treatment-seeking behaviors 

Fig. 2a shows the spatial and statistical distributions of γ. The 
average value of γ is 0.820. The maps demonstrate that the high γ values 
are primarily distributed in southern and southwestern China, and the 

low γ values are located in western, central, and northeastern China. To 
further understand the spatial patterns of γ, the significantly clustering 
regions, i.e., hotspots where both γ values of a city and surrounding 
cities are high, and coldspots where both γ values of a city and sur-
rounding cities are low, are identified using spatially local autocorre-
lation models (Fig. 2b). According to the geographical locations of cities, 
the clustering regions are divided into two hotspots, consisting of 6 cities 
in hotspot region 1 (H1) with an average γ of 1.208 and 12 cities in 
hotspot region 2 (H2) with an average γ of 2.330, and 5 coldspots, ac-
counting for 5.3 % and 8.8 % of all cities in China, respectively. Fig. 2c 
presents a statistical summary of γ values in the hotspot, cold spots, and 
other regions, showing that γ in hotspots is much higher than in the 
different areas, and γ in coldspots is lower than in other areas. This 
means the identified clustering regions effectively demonstrate regions 
with relatively high or low γ and spatially clustering characteristics. 

3.3. Factors affecting treatment-seeking behaviors 

We have collected a series of variables from multi-source datasets, 
such as satellite remote sensing data and geospatial modeling data, to 
explore factors affecting γ. Table 1 shows the five categories of potential 
factor data, including 12 variables of the groups of bone patients, ge-
ography, healthcare resources, socio-economic conditions, and local 
climate and environment. Descriptions and sources of the data are 
presented in Section 2. Fig. 3 maps the spatial distributions of the 12 
variables, which are used to explore the impacts of individual, regional, 
and geographically combined factors on γ as follows. 

3.3.1. Individual factors 
Fig. 4a shows the contributions (Ω values) of individual variables to 

the spatial pattern of γ, where only variables with statistically significant 
(p < 0.05) spatial association with γ are shown in the figure. The dis-
tance to the hospital PUTH and local population density have much 

Fig. 3. Maps of explanatory variables of γ computed using geospatial approaches and multi-source spatial big data and Earth observations.  
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higher contributions to γ than other variables, with Ω values of 0.249 
and 0.238, respectively. The following factors that have more than 10 % 
of contributions in terms of Ω values are the gender of patients (Ω =
0.160), the average distance to the nearest provincial capital cities (Ω =
0.145), percentage of elder patients (Ω = 0.133), the average distance to 
the nearest hospitals (Ω = 0.130), solar radiation (Ω = 0.127), and mean 
age of patients (Ω = 0.113). 

Fig. 4b–d show the spatial and nonlinear impacts of the top three 
factors on γ, including the distance to the hospital PUTH, local 

population density, and gender of patients. Results show that the dis-
tance to the hospital PUTH has both significant spatial and nonlinear 
impacts on γ. Bone patients from cities where the distances between 
cities and the hospital PUTH range from 1859 km to 1960 km have the 
highest treatment-seeking behavior index, which is defined as the high- 
γ regions related to the distance to the PUTH. The locations of the dis-
tance to the PUTH-related high γ regions are generally consistent with 
the hotspots identified in Fig. 2b. When the distance is lower than 1859 
km or higher than 1960 km, the treatment-seeking behavior index γ is 

Fig. 4. Contributions (Ω values) of individual variables to the pattern of γ (a), and nonlinear and spatial association between γ and the top three contributors, 
including distance to PUTH (b), population density (c), and percentage of males (d). 
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much lower than the distance to the PUTH-related high- γ regions. When 
the distance is longer than 2327 km, patients have the lowest treatment- 
seeking behavior in terms of γ. 

In addition, results show that γ is generally linearly increased with 
local population density. Bone patients from cities with a population 
density higher than 1073/km2 have the highest γ. In the population 
density-related high-γ regions, the available healthcare resources may 
be higher than in other areas. Still, they are not enough to treat many 
patients, especially for bone patients, which requires professional doc-
tors, devices, and medicine. The relatively tight medical resources in 
densely populated cities cause more bone patients to seek treatment at 
the hospital PUTH, one of the most prestigious hospitals for bone disease 
treatment in China. The gender of bone patients, measured by the per-
centage of males among patients, also has a nonlinear impact on γ. When 
the percentage of male patients is similar to the percentage of female 
patients, i.e., the rate of male patients is between 53.2 % and 53.8 %, 
bone patients have the highest γ. When the gender of local bone patients 
is unbalanced, i.e., the percentage of male patients is much lower or 
higher than the percentage of female patients, the γ is very low. 

3.3.2. Regional factors 
Fig. 5 shows the results of the spatial comparison experiments to 

assess regional contributions of factors to γ. Results show that the pri-
mary factors in hotspot regions tend to be similar, but they are varied in 
coldspot regions. The inconsistency of the regional factors may be 
related to the number and prevalence of bone patients, their regional 
varied human mobility patterns, and regional environmental and socio- 

economic factors. In the two hotspot regions, H1 and H2, the percentage 
of elderly patients is the primary factor of γ with contributions of 19.1 % 
and 35.6 %, respectively. Therefore, it is essential to pay more attention 
to the elderly bone patients in the hotspots to improve their treatment- 
seeking behavior. In the coldspots, precipitation is the primary factor of 
γ in three coldspot regions, including C1, C4, and C5, where the con-
tributions of precipitation are 28.9 %, 19.5 %, and 14.5 %, respectively. 
Precipitation is probably related to bone patients’ incidence and bone 
disease treatment-seeking behavior in the coldspots. In coldspot C2, the 
distance to the nearest provincial capital cities is the primary factor 
contributing 8.8 %. In coldspot C3, the percentage of elderly patients is 
the primary factor contributing to 25.8 %. 

3.3.3. Geographically combined factors 
Fig. 6 shows the structure and spatial distribution of the total 

contribution of all geographically combined factors. The structure of 
combined factors (Fig. 6a) indicates that the overall γ is related to eight 
factors, meaning that factors are spatially overlapped in affecting γ. 
Fig. 6b shows that the geographically combined factors-related high-γ 
regions include southern, southwestern, and eastern China. The 
geographically combined factors-related low- γ regions are primarily 
located in western China. From a spatial perspective, the overall 
contribution of all combined factors is 39.1 %. The contribution also 
indicates the complexity of assessing the nationwide bone disease pa-
tient treatment-seeking behaviors. The combined variable of geography 
has the highest contribution (30.2 %) among the five categories of 
combined variables, followed by groups of bone patients, socio- 

Fig. 5. Regional contributions (ΔΩ) of factors to the pattern of γ in the hotspot (H1 and H2) and coldspot (C1, C2, C3, C4, and C5) regions.  

Y. Tang et al.                                                                                                                                                                                                                                    



International Journal of Applied Earth Observation and Geoinformation 117 (2023) 103219

8

economic factors, climate and environment, and local healthcare re-
sources, which contributes 25.9 %, 23.3 %, 19.4 %, and 15.3 %, 
respectively, to γ. 

4. Discussion 

4.1. Findings of bone disease treatment-seeking behaviors 

Factors affecting the treatment-seeking behaviors of bone patients 
are complex. The primary potential factors may include the incidence of 
bone patients, gender and age components of patients, tight or loose 
medical resources, and the patients’ accessibility to health care re-
sources, especially professional bone treatment resources. In this study, 
five categories of variables are collected from remote sensing and big 
spatial data to characterize the potential factors affecting the treatment- 
seeking behaviors of bone patients. The five categories of variables can 
effectively describe bone patients’ gender and age characteristics, local 
healthcare resources and socio-economic conditions, patients’ accessi-
bility to hospitals, and climate and environmental conditions that may 

influence the incidence of bone patients and patients’ travel to hospitals. 
This study has the following findings. First, from a spatial perspec-

tive, population migration is an effective predictor of treatment-seeking 
behaviors of bone patients. The distance to the admission hospital, i.e., 
the PUTH in this study, and local population density are primary factors 
affecting treatment-seeking behaviors. Second, significant regional dis-
parities are found in the treatment-seeking behaviors of bone patients. 
The regional disparities are assessed by identifying hotspots and cold-
spots and regionally varied factors affecting treatment-seeking behav-
iors. Finally, treatment-seeking behaviors of bone patients are complex 
in a nationwide and large-scale study and consist of relatively high 
uncertainty, as the overall contribution of the collected five categories of 
variables is 39.1 %. The treatment-seeking behaviors are closely asso-
ciated with multiple variables, and the variables affect the treatment- 
seeking behaviors through a geospatial overlapped and combined 
approach. 

Fig. 6. Geographically combined impacts of factors affecting γ. a. Nonlinearly combined impacts of factors; b. Distributions of regions with relatively high and low γ 
values affected by combined factors; and c. Contributions of different categories of combined factors. 
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4.2. Contributions to academics and management 

This study provides a new paradigm for understanding bone disease 
treatment-seeking behaviors using consecutive long-term hospital ad-
missions data, remote sensing, spatial big data, and advanced geospatial 
models. The approaches of developing geospatial models and imple-
menting remote sensing and spatial big data in this study have the po-
tential to address issues of treatment-seeking behaviors for both bone 
diseases and other health studies. In addition, findings from this study 
provide solid and quantitative evidence for both previous and future 
policies and actions for addressing the regional inequality of bone dis-
ease treatment-seeking behaviors. 

On one hand, spatial patterns and factors of bone disease treatment- 
seeking behaviors examined in the study demonstrate that locations of 
previous medical aid programs of bone diseases are generally consistent 
with the regions with high requirements. For instance, the Chinese 
government has initiated policies since the 1990 s to support hospitals 
and doctors from developed regions to develop medical aid programs to 
treat patients in undeveloped areas, such as the Medical Aid Xinjiang 
Program launched in 1997 and the Medical Aid Tibet Program launched 
in 2015 (National Health Commission of the People’s Republic of China, 
2015, 2016a, 2016b, 2018). In the last two decades, the bone doctors 
team from the PUTH stayed in the undeveloped western regions have 
been to many undeveloped areas, such as Qinghai, Xinjiang, Inner 
Mongolia, and Tibet, to treat bone patients, including congenital spinal 
disorders, Kashin-Beck disease, spinal deformities, Lumbar disc hernia-
tion, etc. (National Health Commission of the People’s Republic of 
China, 2009, 2014, 2016a, 2016b). On the other hand, according to the 
findings of this study, more reasonable medical aid programs can be 
developed in the future, i.e., different assistant approaches, policies, 
actions, and budget allocations should be designed for various regions 
and diverse groups of patients, such as the hotspot regions and elder 
groups of patients identified in the study. 

4.3. Limitations and future recommendations 

There are still limitations in this study, and future studies are rec-
ommended in the following aspects in terms of the new paradigm for 
understanding treatment-seeking behaviors and findings. First, spatial 
and temporal analysis of treatment-seeking behaviors is recommended 
to explore temporal variations and inform changes in spatial charac-
teristics. Second, a specific type of bone disease may be analyzed in 
future studies, such as spinal deformities or Lumbar disc herniation. 
Third, data on individual patients’ income or economic conditions might 
be collected to investigate the relationships between treatment-seeking 
behaviors and patients’ income. In this study, city-wide average GDP per 
capita is used to describe the local economic conditions, which may not 
be entirely consistent with the economic conditions of individual pa-
tients due to the inequality of economic conditions within cities. Finally, 
the developed new paradigm of using remote sensing and spatial big 
data, and advanced geospatial models for investigating treatment- 
seeking behaviors can be implemented in studies of other diseases and 
health issues. 
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