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Abstract: Understanding residents’ health seeking behavior is crucial for the planning and utilization
of healthcare resources. With the support of emerging location-based service (LBS) data, this study
proposes a framework for inferring health seeking trips, measuring observed spatial accessibility to
healthcare, and interpreting the determinants of health seeking behavior. Taking Shenzhen, China
as a case study, a supply–demand ratio calculation method based on observed data is developed to
explore basic patterns of health seeking, while health seeking behavior is described using a spatial
analysis framework based on the Huff model. A total of 95,379 health seeking trips were identified,
and their analysis revealed obvious differences between observed and potential spatial accessibility.
In addition to the traditional distance decay effect and number of doctors, the results showed health
seeking behavior to be determined by hospital characteristics such as hospital scale, service quality,
and popularity. Furthermore, this study also identified differences in health seeking behavior between
subgroups with different ages, incomes, and education levels. The findings highlight the need to
incorporate actual health seeking behavior when measuring the spatial accessibility of healthcare and
planning healthcare resources. The framework and methods proposed in this study can be applied to
other contexts and other types of public facilities.

Keywords: health seeking behavior; Huff model; LBS data; Shenzhen

1. Introduction

An important goal of urban planning is the fair allocation of public facilities [1].
Adequate supply of medical resources has been confirmed to effectively reduce the risk
of various diseases [2]; by contrast, unequal distribution of medical resources tends to
increase the gaps between socio-economic groups in health conditions and life quality [3].
In recent years, due to the limited activities of residents caused by the COVID-19 epidemic,
the importance of a rational allocation of medical resources has been further highlighted.
The accessibility of vaccination centers and medical service facilities has become the focus
of academic attention [4–6].

Understanding residents’ health seeking behavior, e.g., how residents select medical
facilities when they are in medical need, is crucial for the planning and governing of
healthcare services [7–11]. Health seeking behavior has been studied for decades by
scholars in the domains of medicine and public health, and a series of theories and analytical
methods have been proposed [12–17]. However, studies in this area have mainly focused
on the influence of economic and social factors, and little attention has been paid to spatial
factors such as patient and hospital locations and the distances between them.

The concept of spatial accessibility was proposed by researchers in the domains of
geography and urban planning for the analysis of the interaction between residents and
facilities from a spatial perspective. Numerous quantification methods have been proposed,
such as the kernel density method, container approach, spatial proximity approach, and
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spatial interaction approach [18–20]; among them, the most widely applied are the two-
step floating catchment area (2SFCA) method, gravity-based method, and their improved
forms [21]. These comprehensive measures of accessibility are formulated based on the
interactions of facilities and population [22,23]. Some methods further assume variable
service scopes (i.e., catchment areas) for facilities with different sizes or grades and for
regions with different population densities [24–27], while others emphasize the competi-
tion between supply and demand [22,23,28]. In addition, scholars have also put forward
accessibility assessment methods considering residents’ travel modes, which generally
cover transportation modes such as walking, cycling, driving, and public transportation.
Relevant research results show that urban walkability and traffic congestion not only have
a significant impact on facility accessibility, but also involve urban sustainable develop-
ment [29–31]. In these methods, it is commonly assumed that residents select facilities
according to a gravity law [21,32,33].

Although spatial accessibility decays with distance as a general rule, specific decay
patterns should be determined from real observation data [34]. It has long been a challeng-
ing task to obtain data on actual health seeking behavior [35,36], but recently, GPS tracking
technology has enabled the exploitation of big trajectory data such as mobile location data,
taxi trajectory data, and smart card data to efficiently and precisely infer large-sample
human mobility behaviors [37–40]. Such real observational data have seen good use in
analyzing the relationship between health seeking behavior and spatial factors, and also
in calibrating the distance decay function and service area in spatial accessibility analysis
models. In particular, Pan et al. optimized the 2SFCA method for determining the service
area of healthcare facilities using cab trajectory data [35], Gao et al. analyzed urban hospital
bypass behavior from cab trajectory data [41], Gong et al. improved the decay function of
the 2SFCA method using cab data [42], and Liu et al. fitted a distance decay function using
smart card data [43].

Despite the advances represented by the abovementioned studies, several key ques-
tions have still not been fully answered. Firstly, how does residents’ health seeking behavior
differ from the results of classical spatial accessibility models in a real “resident-facility”
spatial interaction scenario? Secondly, apart from the distance factor, what factors of supply
and demand exert key influences on health seeking behavior? Thirdly, how to construct a
quantitative model to effectively describe the visit volume between any given residential
area and hospital?

This study intends to contribute to the literature addressing these problems in three
aspects. First, it aims to infer health seeking behavior based on location-based service (LBS)
data, which has a finer spatial resolution and covers a larger proportion of the population
than either taxi or smart card data. In addition, we propose a supply–demand ratio calcula-
tion method based on observational data to explore basic patterns of actual health seeking
behavior. Second, we propose a series of extended Huff models to describe the health
seeking behavior and use observational data for model selection and parameter calibration.
Third, this study divides the population into heterogeneous subgroups according to age,
income, and education level, an analysis of which can provide enlightening insights regard-
ing the differences in health seeking behavior among subgroups. The proposed methods
will be illustrated and validated using the city of Shenzhen, China as a case study. Finally,
the discussion will build on the results regarding how to improve our understanding of
health seeking behavior.

2. Study Area and Data
2.1. Study Area

Shenzhen is a mega-city in Southern China, bordering Hong Kong to the south, with
a land area of 1997 km2 and a total population of 11.91 million as of the end of 2016 [44].
Shenzhen was one of the first special economic zones to be established in 1980 along
with the reform and opening-up of China. The city consists of ten districts, of which
Futian, Luohu, Nanshan, and Yantian were the first to be included, and are therefore the
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most developed. Concerning healthcare, Shenzhen has established a two-level healthcare
service system in which the community health service centers (CHSCs) providing primary
care are configured at the community level, whereas the general hospitals (GHs) that
provide comprehensive diagnoses and treatments, including secondary and tertiary care
and hospitalization services, serve residents across the city. Generally, GHs are much larger
and have a stronger service capacity than CHSCs (Figure 1).
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2.2. Data Collection and Processing
2.2.1. Hospital Data and Characteristics

General hospital data were obtained from the Health Commission of Shenzhen, in-
cluding information such as the facility name, address, floor area, number of doctors, and
number of beds. By 2016, Shenzhen harbored 81 general hospitals, which varied greatly in
size. Most hospitals are small in scale, have a very limited service area, and represent a very
low proportion of medical samples; such hospitals are not representative when analyzing
health seeking behavior at the citywide scale. Accordingly, only large-sized hospitals were
included in this study, defined based on the number of health seeking trips. The natural
breaks method was applied to determine an appropriate threshold between large- and
small-sized hospitals, and consequently, 41 large hospitals were selected for analysis. Trips
to the selected hospitals accounted for more than 90% of the total identified trips. Each
hospital contained a series of attribute information, such as size, level, etc., which will be
detailed in the selection of indicators below.

2.2.2. Analysis Units and Demand Data

Basic spatial units (BSUs), which are the finest units for governance at the grassroots
level in Shenzhen, were adopted as the analysis units. These data were obtained from
the Centre for Spatial Geographic Information of Shenzhen and consisted of 9319 spatial
units in total, with an average area of 0.21 km2. Attributes regarding demographics at the
BSU level, such as age and education, were also included. BSUs containing no trips were
excluded; such units were located on the edge of the built-up area and sparsely populated.
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The remaining BSUs were merged or divided as necessary to ensure appropriate sample
sizes. Theoretically, analysis accuracy increases as the BSU area decreases; however, if the
sample size in a BSU is too small, there will be too much randomness in the observations.
Consequently, BSUs with more than 1000 trips were divided into multiple parts based on
roads and rivers, whereas those having less than 100 trips were merged with adjacent BSUs.
Ultimately, 418 valid BSUs were obtained. The locations of these BSUs were represented as
the geometrical centroids of the starting points of their contained trips.

2.2.3. LBS Data for Inferring Health Seeking Trips

LBS data for identifying actual health seeking trips were collected from Tencent Inc.,
which provides a series of popular social media apps such as WeChat and QQ. Each mobile
phone having an installed app that uses the location-based service provided by Tencent Inc.
acts as a sensor for its holder’s location. According to Tencent’s 2015 annual results report,
the monthly active users of WeChat and QQ on smart terminals reached 697 million and
642 million, respectively, which are equivalent values to the total number of smartphone
owners in China that year [45]. This data can trace the real-time location of each user at a
very fine spatial resolution (about 30 m by 30 m), and thus is competent for inferring user
hospital visits and home locations. This study collected LBS data for three months (June to
August) in 2015.

3. Methodology
3.1. Research Framework

A research framework is first proposed, which contains analyses in three parts (Figure 2).
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Firstly, the actual health seeking trips are inferred from LBS data. The method is
introduced in Section 3.2.

Secondly, a method for calculating the supply–demand ratio based on observational
medical data is proposed, and the basic spatial characteristics of the observed health seeking
results are discussed by comparing the results with those of the traditional 2SFCA method.

Thirdly, various forms of extended Huff models are proposed to describe health
seeking behavior. Then, these models are selected and parametrically calibrated using
observational medical data. Based on the selected model, global and sub-population
characteristics of health seeking behavior are discussed in detail.

3.2. Inferring Health Seeking Trips from LBS Data

In this study, residents who had stayed in the hospital for more than one hour were
taken as potential medical samples. The repeated visits of a resident in the same hospital
were counted as one sample. Therefore, regardless of whether a resident went to the
hospital for the first treatment, regular check-up, or hospitalization, it was treated as one
sample of health seeking trip. For samples that visit patients in the hospital, if the visit time
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is less than 1 h, it has been excluded by the stay time indicator. If the visit time exceeds 1 h,
it cannot be ruled out. However, there are only 1.4 inpatients out of every 100 outpatients
in Shenzhen general hospitals, so the proportion of this part of the sample should be
very low. For the sample accompanying children or the elderly (who generally have no
smartphones) to the hospital, the medical sample contributed by the accompanying person
is equivalent to a sample contributed by the patient himself in this study, which does not
affect the sample result. In addition, it is necessary to remove the interference of hospital
staff. According to the statistics of Shenzhen Health Commission, the average number of
visits to the hospital by Shenzhen residents in 2016 was 6.4 times (about 1.6 times in three
months). If the number of visits to the hospital for an observation sample during working
hours far exceeds this value, the sample can be considered to be hospital staff. We took
30 working days in three months as the division threshold.

Based on the above analysis, observed health seeking trips can be inferred from LBS
data by a three-step procedure:

1. Identifying potential users that visited a hospital. If a user was observed to remain
within the scope of a hospital for longer than 1 h, he/she was considered a potential
visitor of the hospital.

2. Identifying the residence locations of potential visitors. For each potential visitor
identified in the first step, the corresponding residence was defined as a location at
which he/she stayed for longer than 4 h during the nighttime (9 p.m. to 6 a.m. on the
next day) for more than 50 days during the three months of the study period. Based
on each hospital visitor and the corresponding residence location, a health seeking
trip could then be identified.

3. Excluding hospital staff. If a visitor went to a hospital for more than 30 times on
working days, the visitor was classified as a staff member. Such trips were excluded
from the set of identified health seeking trips.

The resulting individual health seeking trips were aggregated into a BSU–hospital trip
matrix, which is a key input for calibration of the Huff model. Based on this matrix, the
selection probability for each BSU–hospital pair can be estimated as:

Probij =
Mij

∑k Mik
(1)

where Mij is the number of trips from BSU i to hospital j.

3.3. Measurements of Supply–Demand Ratio Based on Observational Data

The two-step floating catchment area (2SFCA) method is a special form of the classical
gravity model, the most widely-used form of which was established and improved by
Weilbull (1976) [33]. This model has been applied to measure potential accessibility to
diverse types of opportunities such as health services [32], employment [46], parks [47],
and evacuation sites [48]. In 2SFCA model, spatial accessibility is quantified using the
supply-to-demand ratio indicator, which is calculated as:

Ai = ∑
j

(
Rj· f

(
dij

))
=

Sj f
(
dij

)
∑i

(
Pi· f

(
dij

)) (2)

where Ai is the accessibility of spatial unit i, Rj is the supply-to-demand ratio of hospital j,
Sj is the size of the supply provided by hospital j, Pi is the total population in the spatial
grid i, and f

(
dij

)
is a distance decay function that models the interaction between demand

and supply. As shown in Equation (2), it is assumed that the interaction between demand
and supply can be described by the distance decay function f

(
dij

)
.

In order to observe the basic difference between the healthcare resources obtained by
residents in real health seeking situations and the classical model of spatial accessibility,
this study proposes an observation-based method for calculating the supply–demand ratio,
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which replaces the assumptive term f
(
dij

)
with the observed selection probability Probij,

i.e., the probability that the population in spatial unit i chooses facility j. The proposed
method can likewise be interpreted in a two-step manner. The first step calculates the
supply-to-demand ratio based on the observed hospital selection probability, and the
second step sums up the supply–demand ratios of all hospitals and obtains the observed
accessibility at each spatial unit. The observed supply–demand ratio is calculated as:

AO
i = ∑

j

(
Rj·Probij

)
=

SjProbij

∑i
(

Pi·Probij
) (3)

where Probij is the probability of hospital j being selected by residents in spatial unit i,
which is estimated by Equation (1).

Since the general hospitals in Shenzhen provide unified services to the whole city,
there is no need to set a catchment area. In this study, a power function, which is the most
commonly used form in related research, was selected as the decay function for potential
accessibility analysis.

3.4. The Extended Huff Models for Modeling Health Seeking Behavior

The Huff model was first proposed by D. L. Huff in the 1960s and is a popular model
for analysing the service scope of facilities and predicting consumer behavior [49,50]. As
this model is suitable for describing the interrelationship between selection probability on
the demand side and other factors such as distance and facility scale, it was chosen for
describing resident health seeking behavior in this study. The model form is:

Probij =
Cj f

(
dij

)
∑k∈D0

Ck f (dik)
(4)

where Probij is the probability that consumers at location i select facility j, Cj is the attrac-
tiveness of facility j, dij is the travel distance between i and j, and f

(
dij

)
is the distance

decay function.
In general, the definition of the facility attraction and distance decay function can

be taken in the form of power function and exponential function form. In the power
function form, the facility attractiveness can be expressed as the product of a series of
power functions of attractiveness indicators, namely:

Cj =
H

∏
h=1

Aγh
hj (5)

where Ahj is the h-th attraction variable of facility j, γh is the sensitivity parameter of the
facility attraction to the h-th variable, and H is the total number of facility attractiveness
variables. Similarly, the distance decay function based on the power function can be
defined as: (

dij
)
= d−β

ij (6)

where β is the distance impedance coefficient. This formula is also the most commonly
used form for describing spatial decay.

In the form of exponential function, facility attractiveness can be expressed as the
product of a series of exponential functions of attractiveness indicators, namely:

Cj =
H

∏
h=1

eγh Ahj = e∑H
h=1 γh Ahj (7)

Similarly, the distance decay function based on the exponential function can be de-
fined as:

f
(
dij

)
= e−βdij (8)
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Therefore, according to the different forms of facility attraction and distance decay
functions, the Huff model can be extended in four forms, and the corresponding linear
regression fitting formula can be derived (Table 1).

Table 1. Four extended forms of Huff model and their linear forms.

Model Equation Linear Form

1. Pure power function Probij =
d−β

ij ∏H
h=1 A

γh
hj

∑n
j=1

(
d−β

ij ∏H
h=1 A

γh
hj

) ln
(

Probij
Prob′i

)
= −βln

(
dij/d′i

)
+

H
∑

h=1
γhln

(
Ahj/A′h

)
2. Pure exponential function Probij =

e−βdij ∏H
h=1 eγh Ahj

∑n
j=1

(
e−βdij ∏H

h=1 eγh Ahj
) ln

(
Probij
Prob′i

)
= −β

(
dij − di

)
+

H
∑

h=1
γh

(
Ahj − Ah

)
3. Attraction (exponential) + distance

decay (power) Probij =
d−β

ij ∏H
h=1 eγh Ahj

∑n
j=1

(
d−β

ij ∏H
h=1 eγh Ahj

) ln
(

Probij
Prob′i

)
= −βln

(
dij/d′i

)
+

H
∑

h=1
γh

(
Ahj − Ah

)
4. Attraction (power) + distance

decay (exponential) Probij =
e−βdij ∏H

h=1 A
γh
hj

∑n
j=1

(
e−βdij ∏H

h=1 A
γh
hj

) ln
(

Probij
Prob′i

)
= −β

(
dij − di

)
+

H
∑

h=1
γhln

(
Ahj/A′h

)

Prob′i , d′i, and A′h are the geometric means of Probij, Ahj, and dij respectively, and

di and Ah are the arithmetic means of dij and Ahj, respectively. In this study, the actual
Probij was calculated using Equation (1). Based on the estimated Probij and other observed
variables, the linear forms were calibrated using the least squares method to obtain the
values of parameters β and γh.

4. Results
4.1. Patterns of Actual Health Seeking Behavior in Shenzhen

From the LBS data, 95,379 health seeking trips were inferred in total. On average,
there were 228 and 2326 health seeking trips observed for each BSU and each hospital,
respectively. The distribution of the inferred health seeking trips is shown in Figure 3,
which is aggregated at the BSU level. The volume of each line represents the number of
health seeking trips from each BSU to a given hospital. It can be observed that there is a
localization pattern in the distribution of health seeking behavior in Shenzhen: namely,
most health seeking behaviors occur in the area neighboring a hospital. Nevertheless, there
is also a considerable proportion of patients seeking health care over long distances. Since
relatively high-quality medical resources are mainly concentrated in the central urban area
(south of the city), the residents of the central urban area generally choose to seek medical
treatment nearby, while residents of the peripheral urban areas show obvious dualistic
characteristics, most of them choose the nearby hospital, and the rest choose hospitals in the
central urban area. From the perspective of hospitals, Shenzhen People’s Hospital (marked
No. 1 in Figure 3) and Peking University Shenzhen Hospital (marked No. 2 in Figure 3)
are far more attractive than other hospitals, showing that residents’ medical choices are
obviously concentrated.

We used Equations (2) and (3) to calculate the supply–demand ratio based on the
classical spatial accessibility analysis model and observation data, respectively, and then to
conduct a comparative analysis. The classical spatial accessibility analysis model uses the
commonly used power decay function, and distances were determined based on the road
network. Figure 4 illustrates significant differences in the distribution of supply–demand
ratio between observation and classical distance decay assumption. Figure 4a shows the
observed supply–demand ratio, while Figure 4b,c depict the supply–demand ratio when
the decay coefficient (β) is taken as 1.0 and 2.0, respectively.

As can be seen from Table 2, for the 418 BSUs, the standard deviation of the supply–
demand ratio calculated by the classical accessibility model increases rapidly with the
increase of the spatial decay coefficient (β), indicating that the enhancement of spatial
impedance will lead to a rapid rise in the inequality of health care services. In the usual stud-
ies on spatial accessibility, the distance decay coefficient is generally taken as 1.0–2.0 [51].
Therefore, the actual health seeking behavior is quite different from the results of most
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studies. In contrast, the supply–demand ratio based on observation shows a very “aver-
age” trend, with a supply–demand ratio standard deviation of only 0.159, indicating that
residents will dynamically adjust their behavior according to the distribution of medical
resources, making the pressure on medical services in the peripheral urban areas ease,
while the pressure on medical services in the city center increases.
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Figure 3. Distribution of actual health seeking trips based on big trajectory data in Shenzhen. Data
source: bed number of GHs, Health Commission of Shenzhen; visit volume from BSU to GHs, trips
inferred from LBS data of Tencent APPs.

Table 2. Comparison of supply–demand ratio statistics of BSUs between observation-based and
classical methods.

Method β Average Standard
Deviation Max Median Minimum

Classical accessibility
analysis model

0.5 1.630 0.276 2.661 1.642 0.900
1.0 1.760 0.739 7.841 1.643 0.450
1.5 1.932 1.915 25.498 1.470 0.172
2.0 2.126 4.177 59.813 1.157 0.049

Observation-based
method - 1.536 0.159 2.251 1.532 1.177

According to the classical spatial accessibility analysis model, the distribution of
supply–demand ratio exhibits a radial pattern, significantly decreasing with distance from
large-sized hospitals. When the distance impedance coefficient is increased, the imbalance
in accessibility becomes more obvious. However, the distribution of the observed supply–
demand ratio shows a distinctly different pattern (Figure 4a). Take three typical regions
A, B, and C as examples. Area A is located in the north of Futian-Luohu center, with a
dense population and relatively few hospitals. However, under the real health seeking
scenario, the supply–demand ratio in Area A is generally at the highest level in the city.
Through the analysis, it can be seen that a considerable number of residents in area A choose
to go to the city center for medical treatment, which makes the local medical resources
relatively abundant. In contrast, Area B and Area C have a relatively high level of supply–
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demand ratio in the analysis results of the classic accessibility analysis model, but due
to a large number of residents from other areas coming for medical treatment, the actual
supply–demand ratio level in the two areas is relatively low.
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In conclusion, under the influence of residents’ health seeking behavior, the difference
in supply–demand ratio among regions is greatly reduced compared with the result of the
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classical model. Residents in peripheral urban areas pay higher commuting costs to share
medical resources in the central urban area, resulting in a lower supply–demand ratio in
some areas of central urban areas than in surrounding urban areas. The above results show
that residents’ health seeking behavior cannot be explained by distance alone. To accurately
assess the true spatial accessibility, factors other than distance must be considered.

4.2. Modeling Health Seeking Behavior by the Extended Huff Model

To establish a Huff model describing the probability of medical selection, it is first
necessary to select a quantitative index of hospital attractiveness. We quantify the attractive-
ness in terms of scale, service quality, and popularity. In terms of hospital scale, there are
generally three indicators to choose from, such as hospital building area, number of beds,
and number of doctors. Since the correlation coefficient between the number of beds and
the number of doctors is as high as 0.886, considering the direct participation of doctors in
diagnosis and treatment services, we choose the number of doctors (DN) and the building
area (BA) of the hospital as the quantitative indicators of the hospital scale. In terms of
service quality, the hospital satisfaction survey score (SS) carried out by Shenzhen Health
Commission every year is used as an indicator. SS is calculated by collecting the satisfaction
scores of hospital patients with the doctor’s diagnosis and treatment results. The higher
the score, the better the doctor’s diagnosis and treatment level. In addition, due to the
scarcity of land resources, Shenzhen hospitals generally have the problem of excessive
construction strength, so the floor area ratio (FA) is selected as the hospital’s environmental
quality indicator. For hospital popularity, the visit times to Baidu Encyclopedia entries (VT)
and the distance of the hospital to the nearest urban center (DC) are chosen as indicators of
network popularity and real popularity, respectively. In summary, a total of six hospital
attractiveness indicators were selected. These indicators were brought into the four models
in Table 1 along with the distance indicator (DIS), and the R2 values for the four models
were 0.648, 0.613, 0.703, and 0.553, respectively. Model 3 has the best description of health
seeking behavior, indicating that the distance decay of the probability of medical visit
follows the power function, while the relationship between hospital attractiveness and
medical visiting is more in line with the exponential function. The model linear regression
equation is:

ln
( Probij

Prob′i

)
= −βln

(
DISij/DIS′i

)
+ γBA

(
BAj − BA

)
+ γDN

(
DNj − DN

)
+γSS

(
SSj − SS

)
+ γFR

(
FRj − FR

)
+ γVT

(
VTj −VT

)
+γDC

(
DCj − DC

) (9)

Table 3 gives the global regression results of the extended Huff model. All the vari-
ables have high statistical significance. The negative coefficient for DIS indicates that the
probability of residents choosing a hospital decreases when their distance from it increases.
This standardized coefficient also exhibited the largest absolute value (0.5753), indicating
that of the examined factors, distance has the strongest influence. In previous studies,
reported distance decay coefficients (β) commonly range from 0.9 to 2.29, compared to
which the distance decay effect observed here is relatively weak (only 1.0551). In other
words, residents in Shenzhen tend to travel long distances to seek healthcare services,
possibly due to the unbalanced configuration of healthcare resources.

The standardized coefficients of BA and DN were 0.0956 and 0.2802, respectively,
indicating that hospital size in terms of building area and doctor number alike has a
consistent significant and positive influence on hospital attractiveness, with doctor number
being a stronger influence than building area. SS and FR were positively and negatively
correlated with the probability of healthcare selection, respectively, and the significance of
SS was higher, indicating that patients’ satisfaction with hospital services has a direct impact
on the selection of hospital, while a high floor area ratio does affect patients’ experience,
thus bringing some negative impact on healthcare selection. The absolute value of the
standardized coefficient of VT is second only to DIS and DN, while the role of DC is
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relatively small, indicating that patients learn more about the basic information of hospitals
through the Internet and other means, and hospitals that are frequently searched on the
Internet have higher popularity.

Table 3. The global regression results of the extended Huff model.

Variables Description Coefficients (B) Standardized
Coefficients (Beta) Sig.

DIS Medical commute
distance −1.0551 −0.5753 0.000

BA Building area 0.0186 0.0956 0.000
DN Doctor number 0.1463 0.2802 0.000

SS Hospital satisfaction
survey score 0.0340 0.0561 0.000

FR Floor area ratio −0.0118 −0.0124 0.007

VT Times of visits to Baidu
Encyclopedia entries 0.0068 0.1694 0.000

DC Distance of the hospital to
the nearest urban center −0.0123 −0.0436 0.000

In general, in terms of the attributes of the hospital itself, the influence of each indicator
on residents’ health seeking behavior is, in descending order, DIS, DN, VT, BA, SS, DC,
and FA.

4.3. Differences in Health Seeking Behavior between Subgroups

The above model analyzes residents’ general health seeking behavior from the supply
side. In order to consider demand-side factors, referring to research in other developing
countries [14,52], residents are divided into different groups according to age, income, and
education level, and the behavioral differences of different subgroups are analyzed. People
belonging to different subgroups tend to concentrate in different communities; for example,
low-income people in developing countries usually gather in urban villages. Hence, the
observed samples in each BSU can be classified according to socio-economic attributes. In
terms of age, the average age of the population within each BSU is used as a population
segmentation indicator. In terms of income, since fine-scale income data are not available,
this study approximates income level by housing type. In Shenzhen, people living in
urban villages (informal housing) account for approximately half of the total population.
Such informal housing has relatively low rental prices that are about 30–50% of those of
formal housing. A large proportion of the city’s low-income population lives in these
areas [53–55]. Therefore, the proportion of the population living in non-urban villages
within the BSU is selected as the population segmentation indicator. In terms of education
level, except for the population of compulsory education and those who have not reached
the school age, the proportions of Shenzhen’s population have achieved an undergraduate
degree or higher education level, associate degree, high school education, and junior high
school and below are 5.83%, 13.99%, 22.24%, and 57.94%, respectively. We selected the
proportion of the population with high school education or above in BSU as the population
classification index.

The average age of the population, the proportion of the population living in non-
urban villages, and the proportion of the population with a high school education or above
in the 418 BSUs were counted separately. BSUs with values greater than the upper quartile
were classified as the high-value group, and BSUs with values less than the lower quartile
were classified as the low-value group. To enhance the difference of contrast, BSU near the
median was not included in the comparative analysis. Six subgroup-specific regressions
were conducted, one for each age, income or education level. These analyses yielded R2

values between 0.640 and 0.744, and the coefficients are listed in Table 4.
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Table 4. The coefficients of subgroup-specific Huff models.

Variables
Age Level Income Level Education Level

Low High Low High Low High

DIS −1.2270 ** −0.9175 ** −1.1739 ** −0.8974 ** −1.2852 ** −0.9594 **
BA 0.0173 ** 0.0195 ** 0.0136 ** 0.0193 ** 0.0225 ** 0.0167 **
DN 0.1389 ** 0.1371 ** 0.1564 ** 0.1446 ** 0.1427 ** 0.1375 **
SS 0.0165 ** 0.0580 ** 0.0195 ** 0.0597 ** 0.0049 0.0612 **
FR 0.0381 ** −0.0408 ** 0.0168 * −0.0491 ** 0.0289 ** −0.0511 **
VT 0.0072 ** 0.0080 ** 0.0069 ** 0.0078 ** 0.0065 ** 0.0085 **
DC −0.0251 ** −0.0119 ** −0.0139 ** −0.0090 ** −0.0160 ** −0.0183 **

* indicates p < 0.05; ** indicates p < 0.01. The R2 for the four subgroup-specific Huff models were 0.670, 0.738,
0.686, 0.737, 0.640, and 0.744, respectively.

From the regression results, it can be seen that there are significant differences in
the health seeking behavior among different subgroups, which is mainly reflected in the
sensitivity to DIS, SS, and FR indicators. In terms of age, compared with the older group,
the younger group is more sensitive to distance, showing a stronger preference for the
nearest hospital. The older group is relatively insensitive to distance, but more sensitive to
hospital satisfaction scores, indicating that older residents are more willing to spend higher
commuting costs to obtain better medical services, which is also consistent with the health
needs of the older group. In terms of income, compared with the high-income group, the
low-income group is more sensitive to distance, indicating that they are strongly limited by
commuting costs and tend to seek medical treatment nearby. The high-income group is
less sensitive to distance, which may be related to the higher rate of private car ownership
and less consideration of commuting costs. In addition, high-income people show a strong
sensitivity to hospital satisfaction score and floor area ratio, indicating that they pay more
attention to hospital service quality and environmental quality. In terms of education,
compared with the highly educated group, the low educated group is more sensitive to
distance and is completely insensitive to the score of hospital service satisfaction, indicating
that they are limited by commuting factors and pay less attention to the quality of hospitals,
which may be related to their lack of channels to obtain hospital quality information. The
highly educated group is less limited by distance. Among the six groups, they pay most
attention to the quality characteristics such as hospital satisfaction score and floor area ratio,
indicating that they have high requirements for hospital service quality.

Briefly speaking, high-income and high-education subgroups have higher flexibility in
hospital selection due to their better mobility. As a result, they pay more attention to hospi-
tal quality. By contrast, low-income and low-education subgroups face greater difficulties in
mobility. Consequently, they tend to obtain more healthcare services from closer hospitals
but have fewer choices concerning hospital quality. These differences reveal inequity in
hospital utilization among subgroups with different income and education levels. The
influence of age on health seeking behavior is similar to that of income and education.

5. Discussion
5.1. Differences between Observed Health Seeking Behavior and the Classical Distance
Decay Hypothesis

This study proposes a method for measuring the observed supply–demand ratio of
hospitals. As illustrated by the case study of Shenzhen, the proposed method is easy to
interpret and operate. It is based on the widely-used 2SFCA framework and replaces
the hypothetical distance decay function with an observed hospital selection probability
matrix. The major difference between the two approaches is that traditional 2SFCA methods
model the interaction between demand and supply based on the hypothetical distance
decay function, while the proposed method models the interaction based on actual health
seeking behavior.

According to the analysis results, the spatial distributions of the supply–demand
ratio based on observation and the classical accessibility model are quite different. This
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indicates that classical accessibility measures might generate biased estimations of hospital
accessibility. In this study, the classical supply–demand ratio showed a monocentric pattern
across the city, a pattern that is quite common in studies measuring spatial accessibility
at the city scale. However, the pattern of the observed supply–demand ratio differed
considerably, with some peripheral areas (e.g., Longhua District in Shenzhen) having
higher accessibility. The possible explanation is that residents living in those areas might
prefer to obtain high-quality healthcare services at hospitals in the central city. As a
result, competition for healthcare services in those areas becomes weaker and the actual
accessibility enjoyed by local residents is elevated. An important implication is that given
the unbalanced distribution of healthcare resources (especially high-quality resources),
the observed accessibility may be reconstructed in terms of long-distance health seeking
behavior. In this case, resident distance to hospitals is no longer the only determinant of the
interaction between demand and supply. Indeed, actual health seeking behavior should
be influenced by more variables. These findings highlight the need to incorporate actual
health seeking behavior in evaluating the spatial pattern of health services.

5.2. Health Seeking Behavior of Different Subgroups

The global regression of the proposed extended Huff model revealed general char-
acteristics of residents’ health seeking behaviors. For example, the overall probability of
visiting a hospital decreases with distance, but increases with hospital size, service quality,
and popularity. This study further investigates the differences in health seeking behavior
between subgroups with different ages, incomes, and education levels. Generally, high-age,
high-income, and high-education subgroups are advantaged in mobility due to higher rates
of private car ownership and greater ability to pay. As such, they tend to be less restricted
by distance when seeking healthcare services and are able to enjoy better accessibility to
hospitals and higher-quality services. In contrast, low-age, low-income, and low-education
subgroups are more substantially influenced by distance and tend to prefer closer hospitals.
In addition to distance, the quality of health services is also a pivotal determinant of health
seeking behavior among these subgroups. Generally, high-age, high-income, and high-
education subgroups pay more attention to the service quality of the hospital when they
choose a hospital. In some related studies, the spatial characteristics of residents’ medical
choices were also discussed [56,57], but these studies mainly focused on the distance decay
effect, with little attention being paid to the characteristics of hospitals. In addition, these
studies did not propose a model to effectively describe health seeking behavior.

In light of the above, the main contributions of this study comprise two aspects. First,
this paper proposes a complete framework for describing health seeking behavior based on
the Huff model. The model was calibrated using observed healthcare data, and it performed
satisfactorily. Under this framework, given the spatial distributions of population and
hospitals, the flow of residents to hospitals within each spatial unit can be effectively
predicted, and thus the effectiveness of hospital services can be evaluated. This framework
provides an effective tool for optimizing healthcare facilities based on human behavior.
Second, the current study provides new evidence regarding the determinants of health
seeking behavior and the differences between various subgroups. According to the results
of the analysis, when allocating medical resources, the government should give more
consideration to the distance limitation effect characteristic of relatively disadvantaged
groups and allocate more large and high-quality hospitals to peripheral areas to promote
equalization of medical services and reduce overall medical commuting distance.

5.3. Advantages and Limitations of This Work

In terms of data, this study inferred large-sample health seeking trips using LBS data.
Compared to the taxi trajectory data and smart card data employed in existing studies,
LBS data have finer spatial resolution and are representative of a broader population, and
sample bias due to the choice of transportation mode is avoided. In terms of methods, this
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study puts forward a complete description framework of health seeking behavior, and
reveals the basic health seeking characteristics of various kinds of residents in Shenzhen.

There are also some limitations to the current study. First, this study used road network
distance as the measure of travel cost. Future studies should strive to improve this measure
by estimating travel times using an online map navigation service. Second, with respect to
resident characteristics, only age, education, and income levels were considered. Future
studies should pay more attention to the influence of other factors such as occupation, travel
preference, and so on. Third, future studies can make efforts to compare the health seeking
behaviors of residents on different weekdays and during different months of the year.

6. Conclusions

In this study, LBS data with higher population coverage and spatial resolution were
used to analyze residents’ health seeking behavior. An observed supply–demand ratio
calculation method is proposed to analyze the spatial pattern of hospital services under
realistic health seeking scenarios. The result indicates that the traditional spatial accessibility
measures might generate biased estimations due to overlooking actual health seeking
behavior. In particular, the observed supply–demand ratio reflected less inequality than
indicated by traditional accessibility. This finding raises the implication that residents
tend to overcome inequality in medical resource allocation through seeking long-distance
medical treatment.

By extending huff model, we establish a basic framework to describe the probability of
residents’ medical choices. Four extended forms of huff model are proposed, and the mod-
els are verified and selected by using the observation data. The global regression revealed
that residents’ health seeking behaviors are generally negatively correlated with distance
to hospitals, but positively correlated with hospital scale, service quality, and popularity.
However, the specific features of health seeking behavior differ among subgroups with
different ages, incomes, and education levels. High-age, high-income, and high-education
subgroups are less sensitive to distance, but prefer high-quality health services, while low-
education and low-income subgroups are more substantially influenced by the distance
factor due to constrained mobility and less sensitive to service quality factors.

In brief, this study establishes a complete analytical framework, from inferring health
seeking behavior from LBS data to measuring observed accessibility to hospitals and finally
modeling determinants of health seeking behavior and the differences between demo-
graphic subgroups. This framework can be applied to other contexts and also to other
types of public service facilities. The findings highlight the need to take into account actual
health seeking behavior when measuring spatial accessibility and planning healthcare ser-
vices. Overall, this study can help strengthen our understanding of healthcare accessibility,
health seeking behavior, and healthcare equality, which are fundamental for planning and
policymaking related to healthcare services.
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