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Abstract: The massive urban social management data with geographical coordinates from the
inspectors, volunteers, and citizens of the city are a new source of spatio-temporal data, which can
be used for the data mining of city management and the evolution of hot events to improve urban
comprehensive governance. This paper proposes spatio-temporal data mining of urban social
management events (USMEs) based on ontology semantic approach. First, an ontology model for
USME:s is presented to accurately extract effective social management events from non-structured
UMSEs. Second, an explorer spatial data analysis method based on “event-event” and “event-place”
from spatial and time aspects is presented to mine the information from UMSEs for the urban
social comprehensive governance. The data mining results are visualized as a thermal chart and a
scatter diagram for the optimization of the management resources configuration, which can improve
the efficiency of municipal service management and municipal departments for decision-making.
Finally, the USMEs of Qingdao City in August 2016 are taken as a case study with the proposed
approach. The proposed method can effectively mine the management of social hot events and their
spatial distribution patterns, which can guide city governance and enhance the city’s comprehensive
management level.

Keywords: city management; spatial-temporal event; ontology; semantic; data mining

1. Introduction

Whether the planning and management of a city as a region of human activities is reasonable has
seriously affected the long-term development of cities and the happiness index of residents’ lives [1-3].
The management and governance of human society is a large and complex project, especially in
modern cities. The rapid development of society, complex urban internal space structure, diversified
human activities, and human characteristics created by regional factors have posed great challenges
to society management [4-7]. The inevitable result on the modern city of human activities is highly
clustered. The human civilization, society, economy, and the culture of highly concentrated spaces are
an open and complicated system. This openness and complexity have led to complex management
of modern cities. Given that digital earth, smart city, and the development of related technologies
are put forward, the management and decision-making support of urban social management are
possible [8-16]. Importing the digital and intelligent means into the management of cities is the
inevitable trend of modern urban social management [17-19]. The way of using the social management
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information database of massive municipal administration departments and analyzing the daily
behavior patterns of urban residents are important for urban sustainable development. The spatial
distribution characteristics of social security problems and the urban inner space structure can provide
decisive support for government departments in providing social management content based on
urban production, economy, society, culture, and population management. The data mining of human
activities and urban social management events from the city management of mining has become a hot
research topic for the urban social management [20-23].

Noulas et al. [24,25] collected tens-of-millions of user check-in data to analyze the user history,
moving trajectory for the prediction of the future migration trend of users, and then presented a
user interest site recommendation. Ji et al. [26] proposed a themed street clustering method to detect
the themed streets of a specific region with the user’s mobile phone data from social networks.
Farhad and Laylavi [27] designed a multi-elemental location inference method with the geotagged
data from Twitter and tried to predict the location of tweets to provide auxiliary data for emergency
response. Hu et al. [28] proposed an urban commercial area mining and analysis approach by crawling
location-based check-in data from social networks such as Weibo to provide reliable decision-making
support in urban planning and economic development. Wang et al. [29] designed a POI significance
calculation algorithm using the check-in data from social networks. They analyzed the behavior rules
of users, and then studied the distribution rules of urban landmarks on the spatial level, which can be
well applied in the intelligent urban management and smart city services.

With the diversity of data sources, for a wide variety of urban social management data, domestic
and foreign scholars have designed a variety of analytical methods applied to different areas of urban
social management. Zhang et al. [30] used the Markoff forecast model to predict the urban heat
island proliferation tendency and provided the decision-making support to mitigate an urban heat
island. Kazak [31] integrated scenario analysis, land use modelling and GIS for the assessment of
areas for the potential exposure to the Urban Heat Island (UHI) effect, which can be used for the
decision making of urban management. Ai [32] established a BP neural network model to forecast
the development trend analysis of haze weather using the historical data of 2.5 PM. Zhao et al. [33]
analyzed the two-magnitude five pollutant data and researched and analyzed the winter haze event of
the North China Plain and its mechanism. Liu et al. [34] constructed the gray Markov chain model,
applied it in the traffic volume forecast domain, and realized the traffic volume high accuracy forecast.
Das and Winter [35] designed a hybrid knowledge-driven framework, which integrates fuzzy logic
and neural networks to analyze vehicle GPS trajectory data and achieve the real-time detection of
city traffic patterns; the framework is of great significance to the traffic and transportation planning
work of the city. Deng [36] extracted the law of travel behaviors of residents by analyzing people’s
travel trajectory data. Using the residents’ travel habits, they forecast the traffic demand of the city
and provide theoretical support for the traffic control department in urban transportation planning.
Bergman and Oksanen [37] combined the motion track data and Open Street Map (OSM) and applied
them in the automatic travel route planning. Zhang et al. [38] analyzed the various areas of city
residents in the travel law and in different periods by processing urban taxi track data in time-sharing
segmentation to obtain information from all city residents who commute. Ishikawa and Fujinami [39]
collected a large number of mobile phone users who upload travel data and identified the user’s
circumvention of certain roads through a large number of pedestrian trajectories. They achieved the
detection of abnormal roads, such as road pavement cracks, holes, and other issues. Numerous studies
show that the spatio-temporal data mining based on social media data and urban management has
been fully applied in various fields of city management, such as emergency response [17,40], urban
commercial zone and landmark detection for city planning [38,39], environment monitoring [38-40],
traffic planning [41-44] and road maintenance [45] etc.

At present, most of the spatio-temporal data mining researches of urban management are based
on indirect data, such as social media data; geo-tagged check-in data; travel data from buses, taxis and
subways; cell phone calling data etc., which can only analyze the pattern of a certain phenomenon
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in social management from one side [46-50]. The results of indirect spatio-temporal data mining in
urban management have some limitations. For example, it can only reflect a small point of the social
comprehensive treatment, and the effectiveness of the results needs to be verified through the actual
situation. In the process of smart city construction, information technology and mobile internet have
been introduced into the field of social management and comprehensive control [51,52]. Thus, the real
time collection and analysis of various events during the social management can be generated on time
from the Smart City platform. In city management, the primary-level staff and volunteers can obtain
a large number of firsthand information such as the status of infrastructure services, public security,
disputes and other management logs, which have geographical coordinates. These geotagged social
management events become direct spatio-temporal data in urban social management. The data mining
results are more reliable than indirect data, do not need verification, and can provide better social
management and comprehensive control in decision services of city management.

Therefore, how to make good use of spatio-temporal data from urban social management to
explore the existing problems in current social management and comprehensive control, is of great
significance. It can help relevant city departments adjust the social management policies and enhance
the ability and level of urban management. This paper takes the spatio-temporal data of the urban
social management events in the Huangdao District of Qingdao city as the research sample to dig out
the spatial distribution pattern and the event distribution pattern of hot events in social management,
such as the status of infrastructure services, social security, production safety, disputes, and other
incidents. Moreover, analyzing the internal cause and external expression through spatiotemporal
visualization to provide decision support for the social management and comprehensive control of
the city.

2. Materials and Methods

The concept system of social comprehensive governance is huge and complex, and there are
various kinds of events. This paper focuses on the extraction of interesting hot events and the
spatio-temporal information mining, which is only one of the many entry points in this field. It has a
broad research space in the information mining of the social comprehensive management events based
on space-time management, whether in content or method. The smart city platform adds a geographic
coordinate tag for a variety of events and log data generated from the city management process,
but these data records are from inspectors, volunteers in the city management, and even citizens;
the events are described as unstructured natural language. This case study proposes a spatio-temporal
data mining approach based on the urban social management events to extract unstructured natural
language information, to find the event spatio-temporal distribution pattern, and to provide visualized
decision support for the social management and comprehensive control of the city. The technical
framework of the proposed approach is shown in Figure 1.

Figure 1 shows that the data mining of spatio-temporal urban social management events (LISMEs)
includes four steps. First, the quality analysis and preprocessing of spatiotemporal data in the
social comprehensive management of the city, which excludes invalid data sets, are introduced in
Section 2.1. Second, ontology semantic reasoning is used for unstructured natural language records to
obtain the structured event database, which is introduced in Section 2.2. Third, through the time and
space exploratory analysis of event-events, the time and spatial laws of urban events are extracted,
as introduced in Section 2.3. Finally, the mining laws and patterns of urban events are visualized,
and the decision support for urban management is provided, as introduced in Section 3.
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Figure 1. Flowchart of the Proposed Approach.

2.1. Qualiti Analysis and Noise Processing of USMEs

The geographical features of urban social management events are composed of spatial
characteristics, temporal characteristics and attribute characteristics (Figure 2).

Figure 2 shows that the spatial characteristics of USMEs including the text description of the time
occurrence position, the street and area where it belongs, and the specific coordinates of the occurrence
position of the event. As the most important spatial characteristic of social management events,
location coordinates are the necessary factors for event visualization and subsequent data mining.
The temporal characteristic of an event is the occurrence of an event time and date. The attribute
characteristics of events describe the non-spatial and non-temporal characteristics of events. It records
the basic description of the event in the text form, that is, the kind of social events that have occurred.
“Event description” records the principal of the event; text-based event descriptions have high amounts
of unstructured event information with great data mining values and are indispensable for the
achievement of a complete social management event. Misuse, equipment performance, and failure
can cause the data quality problems of social comprehensive management. The data quality of an
event must be addressed. A social management event consists of three basic elements: time, place,
and event description, which is indispensable. The “event description” field records the principal of
the event, which is the heart of the event. When the data is checked, the priority is higher than the
time of occurrence and place of the event. Figure 3 shows the quality analysis and processing method
of social comprehensive quality events.
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Figure 2. Geographical features of social management events.

Figure 3 shows that the quality disposal of urban social management data is based on the “event
description” field, whose steps are as follows:

Step 1: Iterate through each record of the database, and check the “event description” and the
spatial feature field of each event.

Step 2: If the fields are complete and without error, jump directly to (3) and process each field,
according to the principle described in the previous article. If a field can be repaired, jump to (3). If it
cannot be repaired, discard the record.

Step 3: Match the record with each record in the new database. If records in the new data do not
repeat that record, add the record to the new database; otherwise, discard the record.

Step 4: Iterate through the original database until all records are processed.

2.2. Information Extraction of USMEs Based on Ontology Semantic Reasoning

We rely solely on the location and time data of urban management events, but the information
that can be mined, is limited. However, a wealth of information is contained in the text fields,
which describe events. This article designs its conceptual architecture diagram and ontology model
by analyzing the type structure system of urban social management events. The ontology of social
management events are built through the ontology-building tool. Jena is an open source program
development framework, which provides a powerful semantic ontology reasoning with OWL and
RDFS as ontology description language [53,54]. Thus, the Jena framework is used to design and
implement the semantic reasoning and event information extraction based on the ontology.
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The ontology conceptual system of the event type is the foundation of ontology construction.
This study divides urban social management events (USMEs) by the types and their conceptual
architecture of ontology types (Figure 4).

Figure 4 shows that urban social management event types can be divided into the
following: population management, public security, service of livelihood, infrastructure maintenance,
environmental hygiene management, urban management, and dispute resolution. Among these
types, population management, public security, public service, infrastructure maintenance,
and environmental hygiene management have broad categories of events, and it can be divided
into many subclasses of events. Moreover, each subclass can contain a large number of entities.
Given the diversity of social structure, the conflicts of disputes occur frequently. Thus, the dispute
mediation events are listed separately as the focus of the event.
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Figure 4. Conceptual Architecture Diagram of USMEs.

2.2.2. Ontology Expression and Modeling of USMEs

According to the ontology concept model of urban social management, the present study adopts
a five-element group to express the ontology. The ontology model of the five-tuple model (Tgpp) of
the urban social management event type is defined as Equation (1)):

Tepo = < TCc, TR, TP, TCs, TI >, 1)

where

TCc are the type concepts that represent a collection of event types;

TR are the type relations that represent a relationship collection of event types between concept
and concept, concept and instance, and instance and instance;
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TP are the type properties that represent the relationship attribute of the event type and its data
attribute, such as the relationship attribute between “complaint reporting and handling” and “daily
maintenance”;

TCs is the type constraint that represents the constraint set of the event ontology, including the
value type of the property, range, and base, such that the event coordinates cannot be outside the
research area;

TI are the type individuals that represent the instances of the event type ontology, that is, specific
to individual events.

According to the original language of the five-tuple event ontology, ontology modeling can
be carried out for urban social variety treatment events, which include conceptual set modeling,
conceptual relation modeling, and semantic relationship modeling.

This study adopts the open source ontology construction tool Protégé and introduces the idea
of “incremental development” of software engineering. This study proposes a modular seven-step
method ontology construction method (Figure 5), which divides the social variety into subdomains
from top to bottom. Each sub-domain corresponds to a sub-body. The sub-ontology is nested with
multiple sub-bodies, and the total body is pieced together from the sub-bodies of multiple modules.

Define the ontology
domain of urban social Ontology synthesis
management(USM)

A

Create an instance

Is there known ontology
in this domain?

Yes A

»
>

Defines the attribute
constraints of a class

List the main concepts A
in the field of USM

A 4

Ontology module Defines the properties
division of the classes

A

Defines the
» hierarchical structure
of classes and classes

Figure 5. Construction Process of Urban Social Management Events.

As Figure 5 shows, the ontology contraction process of USME includes seven steps. Firstly,
the ontology domain of USM should be defined. If the ontology in this domain existed, an instance
is created based on the existent ontology for the following ontology synthesis. Otherwise, the basic
elements of the ontology in USM should be constructed including classes, hierarchical structure among
classes, properties of classes and attribute constraints of certain classes etc. In the ontology modeling
process, ontology module division attempts to consider the decoupling between modules and divides
the event and its description into multiple modules, which can be combined into sets of ontology,
such as “site ontology” (place name description ontology and coordinate ontology). The attributes of
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the classes are mainly divided into two categories: Data attributes and object attributes, which mainly
include the description attributes of the concept of the social management event and the relationship
between concepts and concepts. Attribute constraints are mainly limited to conceptual attributes,
such as the range of values and date accuracy. The open source ontology software Protégé [53-57] with
OWL 2 is presented for the ontology construction for the variety ontology creation of the urban social
treatment event.

2.2.3. Ontology Semantic Reasoning of USMEs

The technical framework of ontology semantic reasoning for USMEs is shown as Figure 6.

Input a hot
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| |

| |

- L i Ontology |
T | . |
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| . |

Jane TDB ; engine }

| |

| Events database \ \

T v
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Traverse the Ontology model
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v

Extract the event
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that supports
reasQning
Y

- Semantic
reasoning

Output the
result

Figure 6. Flowchart of ontology reasoning of USMEs.

Figure 6 shows that ontology semantic reasoning is based on the Jane framework and Protégé
software, which provides rich conceptual relationships, such as “functional”, “Inverse Functional”,
“Inverse of”, “Transitive, Symmetric”, “Reflexive” and “Irreflexive” [53-57]. The inference rules are
based on the reasoning function of “Transitive, Symmetric and Irreflexive” to describe the relationship
between social management events. The inference system first reads and parses the ontology files of
Protégé and analyzes the classes, instances, and various attributes of the ontology model by using
Jena TDB [58] to persist the ontology file, combining the ontology relationship of OWL 2 description,
and constructing an ontology inference engine that supports semantic reasoning. The extraction of a hot
event is taken as an example as follows: A hot event, such as “conflict dispute” is entered, the database
is traversed, and the description text of the event is extracted. The semantic relation is presented for the
ontology reasoning to extract events from the source data with the support of the ontology inference
engine and Protégé software, the hot events are matched with each data to obtain all the matching
results. The key algorithm of the semantic reasoning of USMEs based on the Jena framework is shown
in Algorithm 1.
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Algorithm 1 Ontology Reasoning of USMEs

Rule = GetRuleFile(url);
Loop
rules = Rule.ParseRules( )
End Loop
Define reasoner
Loop
Create rulemodels = CreateRuleModel(reasoner,rules)
End Loop
Loop
Results = QueryByRule(rulemodels)
End Loop
OutputFormatResult(Results)

2.3. Spatio-Temporal Data Mining with USMEs

A relationship is observed between the spatial distributions of the comprehensive management
of social events. For example, social security may not be good in areas where disputes are frequent,
and elderly aid events are relatively concentrated in poor or rural areas. This study explores the

temporal and spatial patterns of urban social management events from three aspects of “event-place,’
“event-event,” spatial relevance, and “event-event” time relevance.

2.3.1. “Event-Place” Spatial Correlation

We present in this paper the clustering center method and the direct distance method to explore
the correlation between the events and the designated locations.

(1) Cluster center method

The basic idea of clustering center method is as follows:

Firstly, the point density analysis method obtained a plurality clustering center of the event.
The Kernel density estimation [59,60] is presented for the point density analysis to obtain the clustering
center. The point density analysis of one event is as Figure 7 shows.

ng
x5
x1 B
Appointed o ,
Position O e 2
o
x3

Figure 7. “Event-Place” correlation analysis based on Cluster Center Method.

As Figure 7 shows, the event has six cluster centers within the range O.
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Secondly, calculate the sum of the weighted distance reciprocal between the cluster center and the
specified location. In Figure 7, the weighted distance reciprocal of the place O to the clustering center
(X1, Xp, X3, X4, X5, Xg) are added up.

Thirdly, the average weighted distance reciprocal is taken as the clustering center spatial
correlation discriminant factor /, as Equation (2):

h=g) % @)

where 7 is the number of cluster centers, D; is the distance of O to the cluster center X;, y; is the weight
of X;, which is determined by the density factor. ¢ is the correction factor. The discriminant factor
increases, the correlation is stronger.

(2) Direct distance clustering method

Different from the cluster center method, the direct distance clustering method omits the event
clustering, which takes the distance from the event to the site as the direct factor. The basic idea is
as follows: First, set a suitable location for the center of the screen space, screening at all points in

space; then, calculate the distance to draw distance, as the discriminant factor correlation. As shown in
Figure 8.
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Figure 8. “Event-Place” correlation analysis based on Direct Distance Clustering Method.

The discriminant factor of the direct distance clustering method  is calculated by Equation (3):

=Y 5 ®)

where 7 is the number of events in the filter space, D; is the distance from the ith event to the location
O, and ¢ is the correction factor.

2.3.2. “Event-Event” Spatial Correlation

“Event-event” spatial correlation can be used to explore the inducement and accompanying
relationships of events from the perspective of spatial distribution. For example, air pollution
and sewage discharge have some kind of association, most of them are caused by factory sewage.
By comparing the correlation between floating population events and social security incidents, we can
explore the impact of population mobility on social security. The idea of exploring the spatial
correlation of “event-event” space is shown in Figure 9.
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Figure 9. Flowchart of the spatial correlation exploring between “event-event”.

Figure 9 shows that the “event-event” spatial correlation analysis algorithm includes the
following steps:

Step 1: Two kinds of events involved in the evaluation are clustered by the density method to
generate the clustering centers of two kinds of events.

Step 2: Each cluster center is assigned a weight that matches the density value according to the
density factor. The higher the density factor is, the greater the weight is.

Step 3: The clustering centers of another event are traversed on the basis of one kind of event.
The sum of the mean weighted distance reciprocal in the neighborhood space of the datum cluster
center is calculated with the specific size of the neighborhood space.

Step 4: The average weighted distance by the reciprocal sum of all clustering centers is
accumulated, and the average value is calculated as a correlation measurement factor (Equation (4)).

m; ]/[A —+ ],lB
1 (1D]> , @)

n

=2
O -
i=1 j=1 ij

m;

where 7 is the clustering center number of events A, m; is the number of ith clustering center in A
events, which are in the neighborhood of the clustering center in events B, D;; is the event clustering
center distance between ith the cluster center of events A and jth the clustering center of events B, u#! is
the weight of ith clustering center of events A, and u? is the weight of jth clustering center of events B.
@ is the correction factor.

Figure 10 gives an example of “event-event” spatial correlation analysis.
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Figure 10. Example of exploring the spatial correlation between “event-event”.

Figure 10 shows that event A is used as the basis. Event B is the object to be traversed. At first,
Al is taken as the clustering center; thus, all event B’s in the neighborhood space of Al are traversed to
calculate the correlation factor as the presented algorithm. The calculation for A2, A3, A4, A5, and all
A’s are transversed, until all event A’s are traversed.

2.3.3. “Event-Event” Time Correlation Analysis

The time correlation between events is to explore the succession, concomitant, and incentive
relationship of events from the perspective of time distribution. The time correlation between events
depends on spatial correlation. Only if the events have spatial correlation, is the time correlation of
events meaningful. For example, it is assumed that there is a periodic correlation between the sewage
discharge events in Wuhan and the environmental sanitation events in Qingdao, but this relevance has
no significance, because Wuhan and Qingdao are too far apart in space, and the sewage discharge in
Wuhan has little impact on the environmental sanitation of Qingdao.

A flowchart to explore the time correlation between events is shown in Figure 11.

Divide events by time

\ 4
Count the number of events in each
period of time

!

Calculate the rate of change between
time periods

!

Displays results with a line chart

Figure 11. Flowchart of “Event-Event” Time Correlation Analysis.

Figure 11 shows the following. First, according to a certain time interval, such as the month or
week, the number of events is counted within each time period. Second, the increase in the number
of events is used as a measure of standards to calculate the event gain in the adjacent period. Finally,
the change between the two events and visualization is compared. The time correlation between the
events can be measured.

In the “Event-Event” time correlation exploring analysis, the calculation scheme of time interval
and increase is an important factor that affects new exploration. The event interval must be chosen
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according to the periodic nature of the event itself. An increase in events over time can be calculated by
the quantity of the current unit of time and the number of units of the previous time, as the standard
of gain. You can also choose the sum of the quantities of the previous two or three time units as the
uptrend indicator. Considering the possibility that the number of events is zero for some time period,
it is appropriate to select the sum of the events in the first two or three time periods as divisors.

3. Results

3.1. Dataset

The experimental data is the USMEs of Jiaonan city and Huangdao District in Qingdao City,
Shandong Province, China. The time spans are from 22 August 2014 to 8 February 2017. There are
2,162,302 events data in total (Figure 12). These USMEs are from Qingdao City Management System,
an actual running system in the government of Jiaonan City and Huangdao Distrcit.

| e

10 km

Figure 12. Dataset of USMEs for the experiment.

Figure 12 shows that the events are aggregated and scattered in the spatial distribution.
Dispersion reflected in the data is full of the entire research space. Aggregation is reflected in the data
within the scope in different scales of space gathered.

Figure 13 is the satellite remote sensing images (from IKNOS with resolution of 1 m) in the
experiment region.
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Figure 13. Satellite remote sensing images in the experiment region.

Figure 13 shows the events of large-scale aggregation of the area for the city and the small-scale
gathering place for rural areas. The experimental area of Jiaonan City and Huangdao District is a
hilly-based region. The territory of large and small mountains of human activities are divided into a
large number of scattered large and small areas. The whole study area has several highly populated
urban areas and a large number of scattered rural areas. This regional division led to a pluralistic study
area of society with both urban and rural elements. The types of social comprehensive management
events are relatively rich and representative.

3.2. Hot Events Extraction

This study includes urban and rural study areas. The elements of social management are more
highly complicated than modern cities. The proposed ontology-based semantic reasoning method is
used to extract disputes of hot events and spatial statistics in the district’s grid, and statistical results
are shown using a boxplot (Box Whisker Plot) and scatter diagram (Scatter Plot) (Figure 14).

Figure 14 shows that, in most of the district, the disputes events are not frequent and are below
the average. However, in the Changjiang East Road Management Zone, Wanggezhuang Management
Zone, and Paifang Street Management Zone, the activities frequency of the three management zones
are excessively dense, which are dozens of times of the average and significantly higher than the
other areas. The data shows that the number of Wanggezhuang Management Zone is 27 times of
the average. The number of the Changjiang East Road Management Zone is 22 times of the average.
The number of Paifang Street Management Zone is 18 times of the average. Therefore, dispute events
have clustering characteristics in spatial distribution. In most of the district, dispute events are not
active. In individual areas, disputes are slightly hot events that frequently occur in the Changjiang
East Road Management Zone, Wanggezhuang Management Zone, and Paifang Street Management
Zone, which have extremely frequent dispute events.
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Figure 14. Spatial distribution of “Dispute” Hot Events.

Moreover, the number of monthly conflicts and disputes are counted by month, and the result is
shown in Figure 15.

Variance of Dispute Events by Time
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Figure 15. Time series characteristics of “dispute” events.

Figure 15 shows that, although the “dispute” events did not show cyclical characteristics,
the “dispute” events in the distribution of time are not uniform, and the difference is large. April 2015
to August 2016 is a frequent time period for contradictions and disputes.

Figure 16 gives the thermodynamic diagram of the spatial focusing characteristic of “dispute
events, and Figure 17 is the spatial distribution change of “dispute” events in different years.

”
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Figure 17. Changes of “dispute” events in different years.

Figures 16 and 17 show one large gathering area and one small gathering area in the study area of
“dispute” events, which are the main urban areas of Jiaonan City and Huangdao City. Jiaonan City
has one large and three small gathering areas, which are in the neighborhood of Wanggezhuang
Management Zone. The “dispute” events have the distribution characteristics of gathering in the main
urban areas. The activity is not high although other rural areas have some “dispute” events. Thus,
the main manpower of the city’s administration should be arranged in the main city, especially the
main city of Jiaonan City and the neighborhood of Wanggezhuang Management Zone.
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3.3. Spatial Distribution Correlations Analysis Result of “Events-Places”

“Petition” events are used as examples for the spatial distribution correlations analysis of

“events-places.” Figure 18 gives the result of the spatial distribution correlations analysis with the
proposed cluster center method.
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Figure 18. Spatial distribution correlations analysis of “Petition” events from the aspect of “events-places”.

Figure 18 shows that the spatial correlations of Langya Terrace, Langya town, big town, and some

other places with events of visiting are preliminarily high. Table 1 gives correlation factors of “Petition”
events in all places.

Table 1. Correlation factors of “Petition” events in all places.

Correlation Correlation Correlation
Place Place Place
Factor Factor Factor
Langya Town 102.135 Liuwang Town 0.073 Baoshan Town 0.124
Langya Scenic District 98.217 Zhangjialou Town 0.215 Wangtai Town 0.211
Poli Town 51.284 Zangnan Town 0.496 Huangdao City 8.612
Dachang Town 10.341 Dazhushan Town 0.408 Lingshan Town 24
Haiqing Town 0.956 Dazhushan Scenic District 0.384 Hongshiya Town 3.173
Dacun Town 44.277 Jiaonan City 5.006 Jinshatan Scenic District 4.626
Liwuguan Town 1.757 Yinzhu Town 24.472

Table 1 and Figure 18 show that “Petition” events in two places have super spatial distribute
correlations: Langya Town and the Scenic District. Boli Town and Dacun Town have strong relevance
of spatial distribution, while the relevance of other places is weak. After field investigation, the reasons
of “Petition” are similar in these places, such as house demolition, industrial disputes, and life
infrastructures destroyed for a long time. Therefore, the suggestion to the city’s administration is to
solve these kinds of problems early in those places to reduce events of “Petition.”

3.4. Spatial Distribution Correlations Analysis Result of “Events-Events”

“Dispute” events and “Fight” events are used as examples of the spatial distribution correlations
analysis of “events-places” from the aspects of spatial and temporal distribution correlations.
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(1) Spatial distribute correlations

Spatial clustering is presented separately for “Dispute” and “Fight” events. The strength of the
clustering center is taken as the weight. High weight has high point density (Figure 19).
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Figure 19. Distribution of data of dispute contradiction and events of fight by spatial clustering.

Figure 19 shows that the “Dispute” and “Fight” events in Liuwang have strong spatial distribution
relevance. Most of the fights are caused by common contradictory disputes in this region after field
investigation. Thus, the “Dispute” and “Fight” events have strong relevance.

(2) Temporal distribution correlations

Two months is the time interval for statistics. The number and variance of “dispute” and “fight”
events every 2 months are shown in Table 2.

Table 2. Number and variance of “dispute” events and “fight” events every two months.

) Dispute Events Fight Events
Time Number Variance Ratio Number Variance Ratio
2014/8 3680 0.096 140 0.149
2014/10 4010 —0.793 160 —0.625
2014/12 830 1.880 60 —0.330
2015/2 2390 4272 40 4.000
2015/4 12,600 1.219 200 2.250
2015/6 27,960 —0.353 650 —0.462
2015/8 18,080 0.386 350 0.200
2015/10 25,060 1.159 420 0.786
2015/12 54,100 —0.168 750 —0.080
2016/2 44,990 —0.022 690 —0.174
2016/4 43,990 —0.046 570 —0.246
2016/6 41,980 —0.020 430 —0.372
2016/8 41,160 —0.122 270 0.000
2016/10 36,140 —0.290 270 —0.519

2016/12 25,660 130
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Figure 20 further gives the visualization result of the variance ratio of “dispute” and “fight” events
for every two months from August 2014 to December 2016.

Variance Ratio of Dispute-Fight Events

Dispute Events : — Fight Events

Figure 20. Variance ratio of events of disputes-fights.

Figure 20 shows that the line chart of these two types of events are almost coincident. Thus, these
two types of events are considered strongly correlated to temporal distribution. Considering that these
two events are relevant in spatial distribution, we conclude that strong correlations exist between
contradictions and brawl events in temporal and spatial distributions. Based on the strong temporal
and spatial correlations, we conclude that the contradictions and disputes are the important causes of
fights and brawls, and they easily evolve into fights if these events are not dealt with well. Therefore,
the investigation and mediation of the contradictions and disputes are particularly important in the
maintenance of social order.

4. Discussion

The concept system of social comprehensive governance is huge and complex, and there are
various kinds of events. This paper focuses on the extraction of interesting hot events and the
spatio-temporal information mining, which is only one of the many entry points in this field. It has a
broad research space in the information mining of the social comprehensive management events based
on space-time management, whether in content or method.

First, this study only uses urban social management and comprehensive control events without
the other indirect data source. The indirect data from social media can be introduced into later research,
which can dig out more information with the comprehensive data together, such as the Weibo and
WeChat check-in data.

Second, Ontology is a system for the knowledge representation of all kinds of spatio-temporal
phenomena [61]. Our study takes a case study on spatio-temporal data mining with urban social
management events to describe the law of urban management. In addition, the system construction
of ontology in the urban social management domain requires the participation of experts in the field;
the ontology of comprehensive management events constructed in this paper cannot be the real
universal ontology because of the limitations of the author. Thus, the ontology constructed in this
research has plenty of room for improvement.
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Moreover, the calculation formulas of correlation factors are given in the proposed method of
“event-event” and “event-place” correlation exploring in this study. However, the correlations between
events cannot be found out intuitively with the correlation factors because of the effect of distance
measure units to the calculated values of correlation factors. Therefore, a correction factor is introduced
in this study, and its value is related to the distance measure units. The correlation factor requires a
great number of tests to verify the relationship between the correction factor and the distance measure
units repeatedly to make sure that the relevance between events can be represented intuitively with
the correlation factor.

5. Conclusions

The purpose of urban management and comprehensive administration is to maintain a good
environment for social development. During the process of urban management, there are a large
number of work record data. Thus, how to make use of these work records well to excavate useful
information hidden in these historical data is very important for the decision-making of further
urban social governance. The content of city management is huge with a complicated structure
for urban governance. This study puts forward a concept system of urban social management
events. An ontology model is proposed for the massive spatio-temporal data mining of social
management and comprehensive control events. It designs the process of the construction of the
ontology, builds the ontology using the existing tools, and realizes the extraction of the hot events in
city management based on the semantic reasoning of ontology with Java-based frameworks, whose
comprehensiveness and accuracy are higher than that of the old ones. This paper also introduces the
spatio-temporal information mining for discrete USMEs from three perspectives: geographical statics,
spatial aggregation and correlation relationship. A spatial-temporal correlation data mining between
events and locations or between events and events is proposed to mine the spatial-temporal information
from the discrete and massive city’s comprehensive management events. Thermodynamic charts scatter
plots, and the line charts are used to realize the visualization of the urban social management event
model to provide decision support for urban comprehensive management. The USMEs of Qingdao
city in August 2016 are taken as an experimental dataset with the proposed approach. The proposed
method can effectively mine the management of social hot events and their spatial distribution patterns,
which can guide city governance and enhance the city’s comprehensive management level. The social
media data should be introduced to integrate with the USMEs for the future spatio-temporal data
mining of urban management and comprehensive administration.
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