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Abstract: Services provided by public facilities are essential to people’s lives and are closely associated

with human mobility. Traditionally, public facility access characteristics, such as accessibility,

equity issues and service areas, are investigated mainly based on static data (census data, travel

surveys and particular records, such as medical records). Currently, the advent of big data offers

an unprecedented opportunity to obtain large-scale human mobility data, which can be used to study

the characteristics of public facilities from the spatial interaction perspective. Intuitively, spatial

interaction characteristics and service areas of different types and sizes of public facilities are different,

but how different remains an open question, so we, in turn, examine this question. Based on spatial

interaction, we classify public facilities and explore the differences in facilities. In the research, based

on spatial interaction extracted from taxi data, we introduce an unsupervised classification method

to classify 78 hospitals in 6 districts of Beijing, and the results better reflect the type of hospital.

The findings are of great significance for optimizing the spatial configuration of medical facilities or

other types of public facilities, allocating public resources reasonably and relieving traffic pressure.

Keywords: spatial interaction; hospital service area; public facility characteristics; classification;

taxi data; Beijing

1. Introduction

In recent years, research on the spatial configuration of public facilities has gradually gained

attention in the fields of geographic information science and urban planning. To help city planners

to evaluate and analyze the effectiveness of public facility configuration, scholars have conducted

many studies on the accessibility of public facilities [1–4], service areas [5–8], and equity issues [9–11].

From a spatial perspective, the basic idea of these studies is to estimate the connections between

demand locations and supply locations. Traditional approaches rely mainly upon census data, travel

surveys, and particular records, such as medical records.

The connection between supply and demand represents a type of spatial interaction. In geographical

studies, spatial interaction refers to the link between the two places and can usually be quantified

using the flows of people, goods, and capital, among others. With the support of big geo-data, we

collect a massive volume of data on human movement and flow to quantify spatial interactions between

places [12]. Numerous studies have been conducted to examine urban or regional structures using
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spatial interaction information extracted from social media data [13], phone call records [14], public

transportation card records [15], and taxi trajectories [16]. In these studies, community detection

methods, which are borrowed from network sciences, were widely adopted to delineate a study area

into meaningful sub-regions according to interaction strengths. Hence, these methods can be viewed

as a top-down approach. However, from a bottom-up perspective, the spatial interactions associated

with a locality represent its second-order properties. We can classify a set of places based on their

spatial interactions. Following this idea, Liu et al. [16] incorporated spatial interaction patterns into

land use classification using an unsupervised method with taxi data from Shanghai and achieved

better results.

In this study, we argue that public facilities inside a city are critical to providing essential services

and therefore are closely related to the city residents. Spatial interaction between service facilities and

residents should reflect the characteristics of public facilities to some extent. In fact, it has been shown

that spatial interaction strengths between a hospital and its patients are dependent on the attributes of

the hospital [8]. Inversely, we can determine the hospitals’ properties based on their spatial interactions.

Using a taxi dataset of over 17,000 taxis for three months in Beijing, we introduced an unsupervised

classification method to classify 78 hospitals of six districts in Beijing from the spatial interaction

perspective. Hospital service areas were then delineated based on the taxi pick-ups and drop-offs in

a 200-m buffer area of the hospital, and visual analysis was conducted. Finally, we obtained spatial

interaction patterns between patients and hospitals and fit them with exponent law, revealing the

underlying distance effect. The results show that the patient distributions of all hospitals show the

exponential law distance decay effect. The exponents, however, vary from class to class and indicate

the impact of distance and hospital types. For example, compared with specialty hospitals and small

municipal general hospitals, military hospitals and university hospitals are less sensitive to distance.

With the support of big data, this research links the facility properties with the spatial distributions

of their customers from a spatial interaction perspective. Regarding Beijing hospitals, this study will

be particularly useful because the vast majority of hospitals in the city are located in the city center.

People in suburban areas flock to the city center to seek medical services, increasing the tremendous

burden on the city’s transportation system, particularly during the morning and evening peak periods.

Therefore, understanding the patient distributions of different types of hospitals is valuable for

policy makers and urban planners to optimize the spatial distribution of hospitals to ease traffic

jams while maintaining service accessibility. The rest of this article is organized as follows. Section 2

introduces the data and processing. Section 3 describes hospitals’ service areas and patient distribution

patterns. Section 4 discusses methods and classification results and analyzes the patient distribution

characteristics of different types of hospitals. Section 5 provides a discussion and conclusions.

2. Data Description and Processing

2.1. Taxi Trip Data

This research used GPS data from more than 17,000 taxis for three consecutive months (May to

July 2013). The dataset contains seven fields, namely, the vehicle number, positioning time of

occurrence, latitude, longitude, direction, speed and status. Before data analysis, we preprocessed

the taxi trajectory data first, excluding erroneous data and deleting duplicate or incomplete records.

Based on these data, we then extracted locations where the passengers are picked up or dropped off.

Each trip is simplified into a vector from (xo, yo, to) to (xd, yd, td), where (x, y) represents the location of

the pick-up point (PUP) and drop-off point (DOP), and t is the time of pick-up and drop-off action.

These extracted trips are able to collectively represent the spatial interaction between places.

2.2. Study Area and Hospitals

As the second biggest city in China, Beijing has comprised 16 districts since 2015 (see also Figure 1).

The six districts of Xicheng, Dongcheng, Fengtai, Chaoyang, Haidian, and Shijingshan form the core
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urban area, accounting for 8% of the total area and hosting 60% of the population and 70% of the

hospitals in Beijing [17]. According to the distribution of important hospitals and taxi trip data,

we selected a 24 km × 30 km rectangle area covering the major urban areas of Beijing as the study

area (Figure 1). To measure the spatial interaction strengths, the study area was discretized into

720 1 km × 1 km square cells. All trips extracted from the taxi trajectory data were aggregated based

on the 1 km × 1 km cells.

Figure 1. Study area in Beijing, denoted by a green rectangle.

We selected hospitals from the 2013 Beijing basic medical insurance-designated medical

institutions, which are reviewed by social security departments and must sign an agreement with

the health insurance agencies to provide medical services to insured people. The dataset contains

information such as hospital names, grades, and addresses, from which we determined hospital

locations. Moreover, we used the trips extracted from taxi trajectories to delineate the medical service

areas and spatially influenced regions. The study area contains 78 hospitals including specialty

hospitals and general hospitals, and their spatial distribution is shown in Figure 2.

2.3. Calculating Pick-Up and Drop-Off Points

To identify the DOPs and PUPs around the hospitals, we created multiple ring buffers at specified

distances 20 m around hospitals and calculated the percentage of DOPs and PUPs in each ring, as

shown in Figure 3. The percentage of DOPs and PUPs first increases and then decreases, finally

reaching a peak in the buffer area of 200–220 m. Additionally, a 200-m threshold was used because it is

an acceptable walking distance, and an empirical study found that most distances between taxi PUPs

(or DOPs) and the actual origin points (or destination points) are less than 200 m [18]. Hence, we draw

a 200-m buffer zone for each hospital, and there was no interaction between the buffers. In each buffer

zone, trips with DOPs or PUPs falling inside the area were found. We assume that trips within these

areas are made by patients seeking hospital services. In sum, we establish an OD (origin-destination)
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linkage using the above-mentioned vector from (xo, yo, to) to (xd, yd, td) for each patient in the GPS

dataset. Next, we determined the weight of each grid according to the number of points that fall within

the cell. For each hospital, the weight of a cell is the number of trips between a location inside the cell

and the hospital. Finally, we constructed a 78 × 720 matrix. In this matrix, each hospital corresponds

to a line, and the row vector formed by the line represents the spatial distribution characteristics of its

patients, which can be used for the following clustering analysis.

 

Figure 2. Spatial distribution of hospitals in the study area.

Figure 3. Percentage of PUPs and DOPs in buffer areas with different distances.

3. Hospital Service Area and Patient Spatial Distribution Pattern

The service area, an important spatial feature reflecting the attractiveness of a hospital, is related

to the type of the hospital, distribution of patients, and existence of competitors. Patients’ spatial
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choices are dependent on the distance between them [19]. An ideal way to assess patients’ spatial

choice behavior is to measure patient-to-hospital flows, which can be obtained from survey data.

Because patient-to-hospital data are often unavailable, many scholars utilize the Huff model to

estimate patient spatial distributions and hospital service areas [8,20]. Even when survey data are

available, the sample size is generally small because of various limitations, such as the low efficiency

of surveying, the strong requirement for time, human resources and finance. In addition, the quality of

the survey data also has some limitations, such as low spatial precision, large time granularity, and

weak data representation. Big geo-data have some advantages, such as large sample size and strong

representation, and contain much spatial interaction; compared with survey data, big geo-data are

more precise and objective in characterizing urban public facility characteristics [21].

In this study, we derived service areas based on massive patient-to-hospital data, which were

obtained from taxi GPS data. To directly demonstrate hospital service areas, we rasterized and

visualized the spatial distribution of all 78 hospitals’ patients (Figure 4). We notice that most patients

come from four districts (Dongcheng, Xicheng, Chaoyang, and Haidian) within the fifth beltway.

The spatial distribution of patients is assumed to be similar to that of the overall population distribution.

One reason for this distribution is that these districts belong to the core urban areas of Beijing, and the

population density in these districts is the highest. Another reason may be that high-level hospitals are

densely distributed in these areas, which attract a large number of people seeking medical services.

Figure 4. The overall hospital service areas.

To examine the hospital service areas in detail, we selected six general and specialty hospitals from

the 78 hospitals as examples—(1) The First Affiliated Hospital of PLA General Hospital (#304 Hospital);

(2) Air Force General Hospital; (3) Peking University Third Hospital; (4) Peking University People’s

Hospital; (5) Xicheng Woman and Children Health Hospital; and (6) Fengtai Maternal & Child Health

Hospital (Figure 5)—and compared their service areas’ characteristics. For a better understanding of

the service areas of these hospitals, we first simply introduce these hospitals. The six hospitals can

be categorized into three groups. First, the Air Force General Hospital and #304 Hospital are both

military hospitals. However, they not only serve the army but also provide medical services to general

patients from all parts of the country. Second, Peking University Third Hospital and Peking University

People’s Hospital are general hospitals providing comprehensive medical care with scientific research

and teaching components. Xicheng Woman and Children Health Hospital and Fengtai Maternal &

Child Health Hospital are specialty hospitals serving mainly women and children.
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As shown in Figure 5, the six hospitals’ service areas vary substantially across the region, with

patients mainly coming from the downtown area inside the fifth beltway. Although #304 Hospital

and Air Force General Hospital are both military hospitals and are located close to each other, the

Euclidean distance between them is approximately 750 m. The Air Force General Hospital has a larger

service area and attracts more patients, which may be attributed to its specialty: dermatology. As for

the second group of hospitals, the service area of People’s Hospital covers mainly the Xicheng and

Haidian districts, which are located between the north second beltway and the north third beltway.

The service area of the Peking University Third Hospital is concentrated in the Haidian and adjacent

regions. Compared with the Peking University Third Hospital, Peking University People’s Hospital

serves more patients and a larger area. Xicheng Woman and Children Health and Fengtai Maternal &

Child Health Hospital are local specialty hospitals, and their patients are mainly from the vicinity of

the hospitals, with relatively fewer patients than the four other hospitals. Through the comparative

analysis, we discover that most patients are concentrated in the areas surrounding the hospitals,

indicating that people tend to seek medical services/care nearby. Some patients, however, would

rather make a relatively long trip to visit a higher-level hospital.

Figure 5. Hospital service areas. (a) The First Affiliated Hospital of PLA General Hospital

(#304 Hospital); (b) Air Force General Hospital; (c) Peking University Third Hospital; (d) Peking

University People’s Hospital; (e) Xicheng Woman and Children Health Hospital; (f) Fengtai Maternal

& Child Health Hospital.
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In the above sections, we visually examined the spatial distribution of patients based on the spatial

interaction. Given that distance is widely regarded as an important factor of spatial interactions [22,23],

we can quantify the spatial interaction patterns from the perspective of distance decay. In general,

spatial interaction declines with an increase in distance, as also known as the distance decay effect.

A distance decay function can be used to characterize the role of distance. The commonly used

distance decay function includes an exponential function ( f (d) = Ce−αd, α > 0), a power function

( f (d) = Cd−β, β > 0), and a Gaussian function ( f (d) = Cd−αd2
, α > 0).

To examine the impact of the travel distance on hospital visits, we plotted the interaction intensity

and distance in Figure 6. The x-axis represents the distance in kilometers, and the y-axis represents

the patient proportion (p(d)) under a certain distance. As shown in Figure 6, p(d) increases at first and

reaches its peak when d is approximately 2 km, as the majority of movements occur in the central urban

area. After that, the patient spatial distribution demonstrates an obvious distance decay trend: the

number of patients decreases with distance. The probability distribution fits well with an exponential

distance decay function (R2 = 0.91) and is consistent with existing findings observed from taxi data [24]

and mobile phone data [25], and accords with the general law of people’s service utilization.

= C , > 0= C , > 0 	= C , > 0

= 0.91

 

α α

Figure 6. Profile of the distance decay function of all hospital visits.

Figure 6 depicts the overall distance decay of visits to all hospitals. However, different hospitals

may exhibit different distance decay effects given their locations, specialty focus and other factors.

Hence, we plotted the patient distributions for all the six hospitals to characterize the effect of distance

(Figure 7). As shown in the figure, the patient distributions of the 6 hospitals are all affected by the

distance. However, the attenuation velocities of the distance decay are not the same based on the

varying decay rates (α) of the exponential distance decay functions. Here, we chose the decay rate

(α) as the comparative factor because it can be used to quantify the role of distance in the spatial

interaction between different hospitals and patients, and it can be used as an important parameter

in the accessibility calculation model of medical facilities, with an important application value [26].

The distance decay rates of the same type of hospitals tend to be similar. Class-A military hospitals,

Air Force General Hospital and #304 Hospital have similar distribution patterns with similar distance

decay rates: 0.107 and 0.13, respectively. The Peking University Third Hospital and the People’s

Hospital are university hospitals and have a similar distribution pattern. Compared with Peking
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University Third Hospital, People’s Hospital has a smaller distance decay effect. Xicheng Woman

and Children Health and Fengtai Maternal & Child Health Hospital are local specialty hospitals.

The average of α of the two hospitals is larger than the previous general hospitals, indicating that

patients of these hospitals are more sensitive to travel distance. In general, residents usually take some

factors into consideration when they choose hospitals for medical service. The first factor is the level or

the type of the hospital. Class-A and general hospitals are much better than local hospitals. The second

is distance [27]. Because money and time have costs, hospitals that are very far from home may not be

a good choice. The spatial interaction between patients and hospitals we obtained is consistent with

the actual situation.

α

Figure 7. Distance distributions of typical hospitals' visits. (a) The First Affiliated Hospital of PLA

General Hospital (#304 Hospital); (b) Air Force General Hospital; (c) Peking University Third Hospital;

(d) Peking University People’s Hospital; (e) Xicheng Woman and Children Health; (f) Fengtai Maternal

& Child Health Hospital.

4. Classifying Hospitals from a Spatial Interaction Perspective

We have observed that different hospitals have different service areas with varying patient travel

distances. Therefore, we try to classify hospitals based on the source of the patients. The traditional
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hospital classification is based on a number of criteria that were proposed based on hospital

classification management standards. According to the nature of the business, hospitals can be divided

into general hospitals and specialty hospitals. Depending on their specialty, hospitals can be divided

into ENT (ears, nose, and throat) hospitals and cancer hospitals, among others. Based on the nature

of the industry, hospitals can be divided into teaching hospitals, corporate hospitals, and military

hospitals. In accordance with their service objectives, hospitals can also be divided into geriatric

hospitals, pediatric hospitals, and women and children’s hospitals, among others. Compared with

the traditional classification of hospitals, our hospital classification is based on the spatial interaction

strength between patients and hospitals and focuses on human mobility. This method can be used to

classify hospitals because the spatial interaction between hospitals and patients can reflect hospital

characteristics and can be easily obtained from taxi data.

4.1. Methodology and Results

In this section, we used a k-means clustering method, a segmentation clustering method based on

partitioning, to cluster hospitals based on patient distribution characteristics, which were obtained

from Section 2.3. The main advantages of this clustering algorithm are that the algorithm is fast and

easy and suitable for large-scale data mining. Therefore, we chose the k-means clustering method to

cluster the hospitals into k categories. The specific process of the algorithm is as follows:

1. Assuming that all the observations are divided into k classes;

2. Selecting k initial cluster centers;

3. Allocating observations to the nearest centers identified;

4. Computing the new cluster centers based on the allocated observations in 3 and repeating

2–3 times until the criterion function achieves convergence.

Generally, a criterion function is given by a squared error

JC =
k

∑
i=1

∑
x∈Ci

|x − pi|
2 (1)

where x represents observations, and pi is the average of the observations in cluster ci.

In the clustering process, we used the logarithm of spatial interaction strength in each cell to

reduce the variation in the overall interaction values observed, resulting in a better classification

result. By comparing the classification results under different k values, we found that, when the

number of hospital types was 5, the criterion function reached its minimum with a more reasonable

classification result.

The classification result is shown in Figure 8. We see that most specialty hospitals were grouped

into one class, military hospitals into another class, and university hospitals into a third class.

The specific classification results are shown in Table 1.

Table 1. Classification results of hospitals.

Cluster Hospital Description Example Hospitals

1 Specialty hospitals as the main type
Xicheng Woman and Children Health Hospital, Cancer Hospital
Chinese Academy of Sciences, etc.

2 Military hospitals as the main type
Air Force General Hospital, The First Affiliated Hospital of PLA
General Hospital (304), 466 Hospital, The Second Artillery Force
of the Chinese People’s Liberation Army General Hospital, etc.

3 University hospitals as the main type
Peking University People’s Hospital, Peking University Third
Hospital, Beijing Anding Hospital, etc.

4 General hospitals as the main type Beijing No. 6 Hospital, Beijing Chaoyang Hospital, etc.

5 Mixed type
Chinese PLA General Hospital, Beijing Cancer Hospital, Beijing
hospital of Chinese Traditional and Western Medicine, etc.
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Figure 8. Classification result of 78 hospitals.

4.2. Analyzing the Patient Distribution Characteristics for Each Type of Hospital

We plotted the probability distribution of each type of hospital (Figure 9). As seen in the figure, the

patient distribution for each type of hospital also shows a distance decay trend, but the attenuation rates

vary. Similarly, we used exponential functions to fit these distributions and calculated the attenuation

index to examine the relationship between the patient distribution of each type of hospital and distance.

Combining patient distribution and the distance decay rate α, we analyzed all types of hospitals.

The first class is specialty hospitals, and the distribution shows significant distance attenuation with

an exponent of 0.33. The second class is Class-A military hospitals with high authority, attracting a large

number of people every day with a smaller attenuation rate (α = 0.28). The third class is university

hospitals, such as military hospitals, and patient visits decrease slowly with distance. The fourth class

is general hospitals: compared with specialty hospitals, the curve’s exponent a is larger, indicating

that patient visits are more affected by distance. This class includes many small municipal general

hospitals that serve people nearby, such as Beijing No. 6 Hospital. The last class mixes all types of

hospitals, and its attenuation index is very similar to that obtained from all hospitals.
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Figure 9. Distance distribution associated with each class of hospital. (a–e) represent the clusters of

hospitals separately.

5. Discussion and Conclusions

Public facility characteristics have been of great interest to city and regional planners.

Existing studies investigating public facility characteristics are mainly based on static data. This study

aimed at investigating public facility characteristics from the perspective of spatial interaction.

Using the pick-ups and drop-offs extracted from a large taxi dataset, we applied an unsupervised

classification method to study 78 hospitals located in six districts in Beijing. We classified hospitals

in the study area into 5 types and investigated the hospitals’ patient distribution characteristics and

service areas. Our findings include two aspects, as follows. First, the main medical service areas of all

the hospitals are concentrated in the Haidian, Chaoyang, Dongcheng and Xicheng districts, where the
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population and hospitals are dense. Meanwhile, the patient distribution of all hospitals demonstrates

the distance decay effect, following an exponential distribution. Second, the patient distribution is

related to the type of hospital. Among them, the patient distribution of high-level university hospitals

and military hospitals is less affected by distance attenuation, but specialty hospitals and municipal

general hospitals are more sensitive to distance. In conclusion, travel distance plays an important role

in choosing a hospital for medical help, but when people suffer from a serious illness such as cancer,

they tend to choose hospitals of high quality and are less sensitive to the travel distance.

Compared with static data, the taxi data we used in this study contain large individual tracking

data, which allowed us to study patient mobility patterns and spatial interaction with hospitals.

The classification method we utilized in our study investigated the similarity between hospitals from

a spatial interaction perspective, reflecting a bottom-up analytical perspective. The characteristics

of a hospital can be better understood by considering its interaction with patients. That is to say,

the classification of hospitals in our study relies mainly on human activities, which can reflect

the concept of social sensing, revealing the spatial-temporal distribution, link, and process of

socio-economic phenomena from human spatial behavior characteristics extracted through spatial

big geo-data [12]. Our study provides important insights for policy makers to make adjustments to

the current spatial configuration of hospitals in order to provide accessible medical services while

helping reduce traffic pressure caused by hospital visits. Moreover, distance decay exponents in

patient-hospital interactions can be applied to study health care access.

There are some limitations to our study. Taxi data can cover only a portion of all patients because

some patients may go to hospitals by car or public transport, while others who live very close to

hospitals are likely to go on foot. As a result, this paper examined only the characteristics of taxi

travel, and the research findings may not be generalizable to the entire population. Furthermore,

we did not analyze the PUPs and DOPs separately and did not consider the impact of population

density on patient spatial distribution. Additionally, using the patient distribution to determine the

surrounding traffic conditions might be insufficient. In the future, we will include more data, such

as public transportation card records, to provide a better understanding of the spatial distribution of

patients. We will also analyze PUPs and DOPs separately and consider population density in our future

research. Finally, we will combine patient distribution characteristics and road traffic information

to assess areas in which congestion is mainly caused by hospital visits and to provide constructive

suggestions for urban planners to develop possible effective remedies.
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