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Abstract

Several methods faletecting spatial or spattemporal clusters of point
eventsbased on t he s presenedyskuldorff andt at i sti cso
Nagarwalla (1995)have been proposeth most of themit is implicitly
assumd thatthe propagation process starts from a daeipaint, andan a-

tempt is madéo extract a circulalike spatial region as a cluster. Howe

er, when analyzing socieconomic phenomenon in small areas, the a
sumption of an isotropic propagation process is not always appropriate,
since the shape of aatrsport network and the néwomogeneity of atth-

utes in space affects the speed of propagation significantly. In this paper, a
method for detecting flexiblehaped clusters by searching comaltions of
adjacent area units hierarchically is proposed. TipdiGbility of the po-

posed method to the detection of spatimporal clusters is tested on
transaction location and time data of real estate in Tokyo.

1. Introduction

Nowadays, it is becoming easier to utilize a large amount of information
with detailedspatial location data for regional analysis becanisém-
proved accest statisti@al information, pomotion of open governmental
policies, and popularization of ggpatial technologies such as positioning
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and mapping. Moreover, some spatial informat®timestampedthere-

fore, the environment for spati@mporal analysis is ready.

One of the analysdbatuse spatiotemporal data is cluster detection. This
study focuses on the cluster detection of point events for which position
and time information isavailable. One of the cluster detection methods
that deal with spatib e mp or al point event sdata is fspa
tics,0 developed in the field of spatial e
Kulldorff, 2001; Kulldorff et al., 2005). This methazhndetect a cluster
region and period, and it is used to analyze the regional disparityrand te
poral transition of the distribution of point evenlisis an extension of
ifispace scan statistics,d which detects S |
(Kulldorff and Nagarwalla, 1995; Kulldorff, 1997). Both space and space
time scan statistics are quite famous and are in use, being implemented in
and distributed as free software called AS
Although several extensions of scan statistics teemn proposethus far

the major differences among them lie initheettings of the spatial shape

of clusters. There are two types of setsifgy the cluster shapes. Ons-a
sumes that the point distribution ippmoximatelybased on the isotropic
propagtion process starting from a certain point, and outputs dikele
clusters (Kulldorff and Nagarwalla, 1995; Kulldorff et al., 2006; Tango
and Takahashi, 2005). The other type does not assume an isotrogie prop
gation process of point events, and outpfiexibly shaped clusters
(Duczmal and Assuncéo, 2004ao et al., 2011 It is quite natural to ao

sider that the shape of a transportation network may affect the propagation
process of eventsaused by human activitiek particular, when a small

area anlysis is performed, the assumption that the propagation process is
isotropic is not suitable, since the attributes of spatial location have some
randomness.

Duczmal and Assuncéo (200dnd Yao et al. (201I9roposed a method of

the latter type. It usedi¢ count data of point events according to certain
spatial units, sets the combinations of adjacent spatial units as cluster ca
didates, and searches the cluster using the simulated annealing method.
When the number of spatial units is small, it alldarsa significant cluster

to be searched in a short calculation time; however, when the number of
spatial units becomes large, becomesdifficult to execute the cluster
searching process quickly. The expansion of the method to treat-spatio
temporal data ialso difiicult; the setting of temperatures for the simulated
annealingnethodbecomes complex.

In this study, we propose a ngefast detection method for spatemporal
clusters that have flexible shapes. The cluster evaluation is based bn prev
ous spacand spacdime statistial approaches (Kulldorff and Nagarwalla,
1995; Kulldoff et al. 1998), and the settings of thedew shapearebased



CUPUM 2013 conference papers 3

on Duczmal and Assuncéo (20@&4)d Yao et al. (2011By constructing a
combination of adjcent spatial units hiarchically, the method is able to
detect clustersvith a relatively short calculation time. The proposedimet
od is evaluatedby an application to the real estate transaction place and
time data observed in Tokyo.

2. Cluster detection by scan statistics

In this chapter, we review the cluster detection procedures of space and
spacetime scan statistics.

Since Kulldorff and Nagarwalla (1995) first propodedh spacé scan &t
tistics 0 several other methods have been proposed based on it. However,
the differewes among the previous methods are mostly in the settings of
cluster shapes, as described above. The procedures of cluster detection in
Kulldorff and Nagarwalla (1995) and its expansion to sptioporal
space in Kulldorff et al. (1998) are commonly us&te proceduresor
cluster detection are introduced $ection2.1, and the settings of cluster
shapes in previous studies are introduce8idation2.2.

Hereafter,n this paperit is assumd that the positions of point events are
aggregated according tertainspatial units, anthe detection of clusters
based on these spatial unitsconsideredWhen the exact positions of
point events are observed, it might be possible to detect clusters in-conti
uous space. However, the population that affectotoairrence of point
events may not be distributed uniformly in space. For example, when
searching the spatial cluster of patients with a certain disease, the cluster
significance should not be judged by the number of patients over the size
of the clusterit should be judgedby the ratio of the number of patients
over the population in the cluster. Usually, people are not uniforrsly di
tributed in the study are#hereforethe population distribution should be
considered. Additionally, the population data asually aggregated based

on certainspatial units, such as municipality, zip codezone or census
tract, and it is difficult to express the population distribution in the study
areausingmathematical expressions over the continuous spées, scan
statistics usuallyhandlesdata in discretespaceand notin continuous
space Whenhandling data irdiscrete space that is divided into spatial
units, the previous studies usually set the shape of the window, find the
spatial units whose centroidselocated inside the window, and themeo
sider the total area of the spatial ufitsndas a candidate ddter.
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2.1. Procedures of cluster detection by scan statistics

The cluster detection procedure of scan statistics, proposed by Kulldorff
and Nagarwalla (195) and followed in many cluster detection hueats, is
given below.

1. The stochastic process of point event distribution is assumed. The
Poisson point process is commonly assumed as the point process.
When analyzinghe spatioctemporal point event data, tip@int pio-
cess in spatitemporal space is assumed.

2. The shapes of windows that are cluster candidates are set. The details
of the settings of window shapes are explained in Section 2.2. The
whole study area is scanned by moving and resizing the windows.

3. The windows are evaluated by comparing two hypotheses, anaaltern
tive and a null hypothesis. The alternative hypothesis is that there are
more pointevent occurrences inside than outside the window; the
null hypothesis is that there is no difference in minenber of event
occurrences inside and outside the window. The likelihood ratio,
which is the likelihood of the alternative hypothesis in relation to that
of the null hypothesis under the assumption of point process, is calc
lated for every window.

Here, ve briefly show the evaluation of windows based on theilikel

hood ratio. Let the whole study area where point events are distribu

ed be denoted b§; a window, which is a subset & is denoted by

Z; the outside of the window is denoted By, the number bpoint

events inZ is denoted by(2Z); the population irZ is denote bys(Z).

Assume that the point events are distributed based on the Poisson

point process. The alternative hypothesisiHs At he density of po

events is greater inside than outside the window and tyhe nul | h
pothesis Hi s ft he i nt en srisileyandoolitsidp thé n t events
windowZi s t he same. 0 The | iXx&d),ishood ratio c

givenin Equation (1).

() §'2n(z) §) e b (g o(Z)
8 % 8" ") "4

1 otherwise

(1)

The window with the maximum likelihood ratio is selected as the
most likely cluster (MLC).

4. The significanceof a detected MLC is examined through a Monte
Carlo simulation. The examination process first simulates the random
point distribution in the study area according to the assumption of
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point process; theithe cluster detection on the simulated pdistri-
bution outputs the maximum likelihood ratio when the points are ra
domly distributed in the study area. The significance of a detected
MLC is evaluated by comparing the likelihood ratio of the MLC with
the simulated maximum likelihood ratios.

2.2. Settings of cluster shapes

The first part of this section describes the methods that outpplesi
shaped spatial clusters, and the second part describes the method-that ou
puts flexibleshaped clusters.

Simple -shaped cluster detection

In Kulldorff and Nagarwallg1995) and Kulldorff (1997)a circular win-

dow is proposed, and in Kulldorff et al. (1998), Kulldorff (2001), and
Kulldorff et al. (2005) a circular spatial window is extended to a cylinder
spatietemporal window by adding a temporal period to thetehsetting.

To enhance the flexibility of the spatial window shape, Kulldorfalet
(2006) proposed an elliptic window, the parameters of which are the
lengths of the major and minor axasd the azimuth of the major axis.
Another approacltior detecting fexibly shaped clusters wasesentedby
Tango and Takahashi (2005), who proposed setting the combinatidn of a
jacent spatial units inside a certain size of circular region. In their applic
tion, the maximum number of spatial units inside the windownigdid to
approximatelythirty since the number of combinations of neighboringrsp

tial units increases exponentially as the number of units to be considered
increases. This approach is extended to a spatiporal analysis method

in Takahashi et al. (2008).

Mori and Smith (2009) proposed setting windows as convex regions in the
space in which the metric is the travel time on the transport netaibrk
hough the significance of cluster candidates is evaluated by a method that
is similar to but different from #hspatial scan statistics.

These settings of window shapes are based on the assumption of cluster
formation that the prevalence of point events starts from a certain location
and spreads uniformly in any direction. However, especially when a-small
area anlysis is performed, the assumption that the diffusion process-is is
tropic and continuous is not suitable since some randomness in the attri
utes of spatial location can be observed in a small area.
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Flexible -shaped cluster detection

Duczmal and Assunca@@04) proposed detecting flexibdbaped clusters

by considering the combinations of adjacent spatial units adowis, and
searching the MLC using simulated annealing. This mettardsearch
clusters whose shapes are flexible and deal thigtflexible propagation
process of point events. The method was applied to the spatial clester d
tection of homicide scenes in Belo Horizonte, Brdtilletected a long and
narrow cluster region alongn expressway, whose detectiovould not
havebeen possiblg circuar windowshadbeen used. In this application,
since the total number of spatial units and point events are 240 an@273, r
spectively, which are not very largeumbersfor spatial analysis, the
method outputs the cluster region and its significancenestshort calg-
lation time. However, when the number of spatial units is large, the nu
ber of combinations of neighboring regions increases exponentfaihe
cluster is spread over a broad area, it is impossible to find the highly si
nificant cluster bsed on the simulated annealing method.dufiteon, the
previous study considered only spatial clusters; when searching-spatio
temporal clusters, it woulthereforebe difficult to define the tempature,

a setting of a simulated annealing method.

Basedon Duczmal and Assuncgéo (2004), Yao et al. (2011) proposed two
algorithms which limit the search area of combinations of neighboging r
gions. These methods might reduce cbmputational complexityhowev-

er it was not mentioned.

3. Proposal for spatio -temp oral cluster detection with
flexible spatial shapes

We propose a new spatiemporal cluster detection method with flexible
spatial shapes in this section.

The setting of the window shape for spatial extent is the sartieatis
Duczmal and Assuncdo (240 the combinations of adjacent spatial units
are considered spatial windowsere we clarify the setting of spatial rwi
dows and the definition of MLC in this study. L&t denote the graph
structure of spatial units and their adjacency in the study @reansists

of V, the set of vertices which represspatialunits, andg, the set of egh

es which connects the vertices representing neighboring spatial units. The
setting of spatial windowV in this study is given a8/ must be a subgraph
of G (WE G) and connected. Lay denote the set of spatial windows
Ws; then the problem to detect a spatial cluster is written as
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7= 2
Vi augmax/ (W
This study also consider the time domdihe setting of the window shape
for the temporal extent is the sametlatin Kulldorff et al. (2005); the
time period is the same for all spatial areas inside the windetwI de-
notethe study periodandP denote the period of time i Then the prb-
lem to detect a spatie@mporal cluster is described as

(VE a: augmax/ (W, B 3

Wi WP IT

The number of combinations of adjacent spatial units increases @xpone
tially as the number of spatial units increases. When the numbenof co
nected spatial units i, the number of combinations of adjacent spatial

units is betweeM(N+1)/2 and§ LNCi ; it is not practicable to search all

combinations of neighboring spatial units.

This paper proposes a new algorithm for flexisihaped cluster dedigon.
First, it divides the study area into small aggregation groups ¢iowgsf
adjacent spatial units; then, it searches the spatial window with the max
mum likelihood ratio value by combining adjacent spatial units in egch a
gregation group and designates them as cluster candidates. Next, it divides
the study area into larger aggréga groups that consist of the cluster
candidates detected at the former stage and combines teerddjluster
candidates in each aggregation group. By repeating the cluster candidate
search within the groups of adjacent candidates and expanding tiee agg
gation groups by combining the cluster candidates detected at the former
stages, this method is able to detect clusters in the whole study area wit
out checking all combinations of adjacent spatial units. The procedures of
the proposed method agéven telow.

1. The method removes the spatial urhiat do not have point events
inside, since the inclusion of such spatial units always leads to lower
likelihood values, as is clear from Equation (1). Other spatial units are
designated as cluster candidates.

2. The method selects a candidate randomly, searches its adjacent ca
didates, and forms a spatial aggregation group. If the numberasf adj
cent candidates exceeds the limit vatugx_neighborsadjacent ca
didates are randomly chosen according to the limit values
max_neighboréimits the number of combinations of adjacent ¢and
dates to reduce the calculation time; its value is set to nine irpthe a
plications in this studythus,the maximumnumber of candidates in a
spatial aggregation group is at most ten. Tdrenftion of spatial g
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gregation groups is repeated until all cluster candidates are included
in some spatial aggregation groups.

3. In each spatial aggregation group, the method creates all the @mbin
tions of adjacent candidates. When calculating the ligetihratio, it
searches all the combinations of time points inside the combination of
candidate as start and end times of the cluster periods, and records the
highest likelihood ratio values and its cluster period.

4. The method selects the combination of ddatés that has the largest
likelihood ratio in each spatial aggregation unit, and records it as the
cluster candidate for the next aggregation stage.

The combinations of candidates that share borders with other cand
dates in other spatial aggregationugs have a chance to be a part of
clusters; thenthe combinations of candidates that share borders with
other candidates and do not overlap with the selected candidates i
side the same spatial aggregation group are also kept for the larger
aggregation.

5. The method repeats Procedure$ intil a singlecandidate emains.

This method is able to reduce the calculation time by limiting the number
of spatial units in the search of combinations of adjacent spatial units.
However, the order in which adjacent calades are combinedfacts the
cluster detection resultRandom selection of candidates wheniimg the
spatial aggregation groups may lead to a failure to detect tHerslwvith

a high likelihood value. The performance of the proposed method is-eval
ated in the next chapterhe source code of the proposed method id-avai
able athttp://www.plan.civil.tohoku.ac.jp/inoue/research/code/

4. Application

The applicability of the propesl method is tested on the real estatestran
actionprice information (Fudosan Torihiki kakaku Jokio Japanesg,
publishedby the Ministry of Land, Infrastructure, Transport, and Tourism
of Japan (2012), in the twentlgree special wards in Tokyo. Thefan
mation consists of the records of locations and dates of real estate-transa
tions and other attributes of the transferred estateh as size, accessibi

ity, and the relevant regulations of the Urban Planning Act. In this study,
we used the locatiorend dates of vacant lot traicians within the Tokyo
metropolitan area from January 1999 to December 2009, and searched
clustered areas and periods.

The spatial units used in this study were the city districts, cho an@naza
Japanegethe data sourceas the Digital Map 2500 (Spatial Data Feam
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work) published by the Geospatial Information Authority of Japan. Two
spatial units were determined to be adjacent if they shared at least one
node on their borders.

The spatial extents of three cases are shaviig. 1.Case 1 uses theaid

of the Setagaya wardCase 2the data of the Josai area (Setagaya,rsugi
ami, Nakanpand Nerima wards)and Gse 3the data of the 23 special
wards of Tokyo. Summaries of the three cases are shown in Table 1.
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Fig. 1. Study areai Case 1. Setagaya wardase 2: Josai region: Setagaya, &lak
no, Suginamiand Nerima wardsCase 3 Twentythree special wards ofokyo

Table 1.Summay of data

Casel Case?2 Case3
Number of spatial units 279 705 3,130
Number of pairs of adjaoe spatial units 833 2,171 9,834
Number of real estate transactions 2,672 8,466 26,380
Study area (ki) 58.4 156.1 621.4

The density of transactions is calculated over the spatial ared &k
temporal period (years). It would be better if the dgnisitevaluated by

the number of transactions over the number of land parcels if the info
mation on land parcels available. The regions used@ases 1 and 2 are
residential suburbs of Tokyd@he density calculation over the size of the
area in this stugd may not be a problem because the size of the parcels
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does not vary muchHowever,the analysis ofCase 3 may present some
problems since the central business districts, where land parcels are quite
large as compared those in residential am@sncluded in the studyraa.

The clusterdetection results of the proposed method are compared with
those of SaTScan, the spatime scan statistichat use<ircular or ellp-

tic spatial windows and temporal periods: cylindrical or elliptical cylindr
cal windows in spatietemporal space. The versioh SaTScan used was
9.1.1x64, andhe settings were as followJhe type of analysis wagtro-
spective spacime; the probability model wadiscrete Poissqrand the
time aggregation length wdsdays

The proposednethod is implemented using C++ codes with OpenMP |
braries and Intel C++ compiler, whereas the SaTScan is implemesited u
ing JAVA. The calculation times of both methods are shown foreete;
however the comparison of calculation time would notusey significant
since the environments of these implementations are different. The calc
lation times shown in this paper do not include the tieden bythe sp-
nificance testasingthe Monte Carlo simulation. The calculations were
executed on a PC with Xead5670 (2.93GHz/6 coresyith 8GB of
memory.

4.1. Case 11 Setagaya ward

The cluster detection results Gase 1j.e.,the analysis of data in Setyg
ward, are shown in this section. The input data, spatial units, arttbpos
and time of transactionseashown in Fig. 2First, we examinghe effect

of the order othe aggregation group formatiamn the cluster detectiorer

sults. Table 2 shows th20 cluster detection results achievading the
proposed method. Fig. 3 indicates the spatial extents stectuthat have

the largest and smallest likelihood ratio of MLCs in these calculatiens
tectedusing the proposed method. Although the periods of the detected
clusters almost coincide, their spatial extents do not. Thélelghood ra-

tio values of MLCsdncrease by pproximately20%, from 317 to 382. It is
confirmed that the spatial aggregation group formation in the proposed
method affects the cluster detectiesuits.

Next, we compare the results of the proposed method with those of
SaTScan. Table $hews the attributes of the detected clusters. The circular
and elliptic spatial windows output the same results in this case. &he sp
tial extent of MLC using SaTScan is shown in Fig. 4. It is clear that the
likelihood ratio of MLC using the proposed methischigher than thatsi

ing SaTScan, evaenhenthe lowestlikelihood ratio esults are used for the
comparison; the flexibility in the spatial cluster shapes allows the detection
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of clusters with a high likelihood ratio value. The time aggregation length,
which is the temporal resolution of a cluster, is sef7 alaysin the
SaTScan analysis; the periods of the clusters detected by the two methods
can be judged as the same results.

\\,h

@
e 000007

Fig. 2.Input data (Case 1

Table 2.Cluster detection resultsing theproposed method (Case 1)

Calculation Log Iikeli_— Areza Period Number_ of

hood ratio  (km") Start End transactions
1% 362.1 36.1 2005/7/19 2009/7/30 1,246
2" 338.1 31.5 2005/7/19 2009/7/30 1,125
3 332.5 41.7 2005/7/19 2009/7/30 1,333
4m 351.2 39.5 2006/7/19 2009/7/30 1,307
5M 354.4 354 2005/7/19 2009/7/30 1,225
6" 382.2 35.2 2005/7/19 2009/7/30 1,245
7" 317.2 36.2 2005/7/19 2009/7/30 1,205
an 351.2 354 2005/7/19 2009/7/30 1,222
gn 345.0 36.4 2005/7/19 2009/7/30 1,237
10" 361.7 36.6 2005/719 2009/7/30C 1,256
11" 361.1 29.5 2005/7/19 2009/7/30C 1,102
12" 364.1 37.4 2005/7/19 2009/7/30 1,276
13" 349.5 34.9 2005/7/19 2009/6/30 1,193
14" 3715 33.7 2005/7/19 2009/7/30 1,203
15" 3451 34.4 2005/7/19 2009/7/30C 1,195
16" 354.7 35.9 20057/19 2009/7/30 1,236
17" 368.5 39.1 2005/7/19 2009/7/30 1,315
18" 342.4 42.4 2005/7/19 2009/7/30 1,357
19" 368.0 33.0 2005/7/19 2009/7/30C 1,185

20" 377.1 32.2 2005/7/19 2009/7/30 1,175
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Table 3.Comparison of the proposed method with SaTScang(Chs

. Proposed SaTScan
Attributes of MLC mert)hod Circular Elliptic
Logarithm of likelihood ratio 382.2 210.4 210.4
Number of transactions 1,245 883 883
Area (knf) 35.2 29.0 29.0
Period 2005/7/19  2005/7/16  2005/7/16
2009/7/30  2009/7/31  2009/7/31
Calculation time (s) 13 167 8,186

(a) Largest likelihood ratio (b) Smallest likelihood ratio
6" calculation 7" calculation

Fig. 3. Most likely clusters obtainedsingthe proposed method (Cad¢
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Fig. 4. Most likely cluster obtainedsingSaTScar{Case 1)

4.2. Case 2 1 Josai region

The cluster detection results Gase 2, the analysis of datatire Josai e-
gion, are described in this section. The input data, spatial units and pos
tion, and time of transactions are shown in Fig. 5.

Year of transaction
o 1999 - 2000
o 2001 - 2002
© 2003 - 2004

2005 - 2006

2007 - 2008

2009 - 2010

Fig. 5.Inputdata (Cas®)

Table 4 shows the attributes of the cluster detection results of twestty ex
cutions of the proposed method, and Table 5 shows the attributes of the
clusters detected by circular aetliptic spatial windows using SaTScan.
The spatial extent®f MLCs obtainedusing the proposed method are
shown in Fig. 6, and those of MLCs obtained by circular and elliptie sp
tial windows using SaTScan are shown in Fig. 7. Similar to the results of
Case 1, the results of cluster detection using the proposdubdnate di
ferentaccording tocalculations; the logarithm of the likelihood ratiol-va

ues of MLCs increases by more than ten percent, from 717 to 797 vHowe
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er, these values obtained by the proposed method exceed those obtained by
the circular ancelliptic spatial windows of SaTScan.

It is noteworthy that the spatial extents of MLCs obtainsihg SaTScan

in Cases 1 and 2 differ, although the study area of Case 1 is included in
Case 2. The MLC of Case 1 is not detected as a cluster region; the strict
constrant on the spatial shape of clusters prevents its being selected as a
cluster. On the other hand, the proposed method detects the area of MLC
in Case 1 in the analysis of Case 2.

Table 4.Cluster detection result using the proposed method (Case 2)

Calculaton Log likeli-  Area Period Number of
hood ratio  (km?) Start End transactions

1% 790.6 108.5  2005/7/1¢ 2008/12/2¢ 3,487
2" 717.4 106.2 2005/7/1¢ 2008/12/2¢ 3,357
31 774.3 107.€  2005/7/1¢ 2008/12/2¢ 3,450
4" 733.C 103.C 2005/7/1¢ 2008/12/2¢ 3,306
5M 749.4 110.3  2005/7/1¢ 2008/12/2* 3,479
6" 771.7 109.5 2005/7/1¢ 2008/12/2¢ 3,487
7" 760.2 108.C 2005/7/1¢ 2008/12/2¢ 3,442
8" 746.2 103.5  2005/7/1¢  2009/3/31 3,496
gm 794.8 108.2  2005/7/1¢ 2008/12/2¢ 3,484
10" 728.8  105.2  2005/7/1¢ 2008/1225 3,348
11" 784.¢ 107.¢ 2005/7/1¢ 2008/12/2* 3,468
12" 791.C 105.8 2005/7/1¢  2009/3/31 3,597
13" 774.2 98.7  2005/7/1¢ 2008/12/2* 3,259
14" 743.5 108.4 2005/7/1¢ 2008/12/2* 3,433
15" 750.2 102.C  2005/7/1¢ 2008/12/2* 3,305
16" 780.6 103.2 2005/719 2008/12/2* 3,363
17" 779.8 96.5 2005/7/1¢  2008/8/2¢ 3,018
18" 790.2 104.€ 2005/7/1¢ 2008/12/2* 3,403
19" 778.6 98.4  2005/7/1¢ 2008/12/2* 3,258
20" 796.5 105.2 2005/7/1¢ 2008/12/2¢ 3,424

Table 5.Comparison of the proposed method with SaTSCas¢ 2)

. Proposed SaTScan
Attributes of MLC method Circular Elliptic
Logarithm of likelihood ratio 796.5 422.6 439.8
Number of transactions 3,424 2,235 2,253
Area (knf) 105.2 78.0 77.8
Period 2005/7/19  2005/7/23  2005/7/23

2008/12/25 2008/12/2€ 200812/26
Calculation time (s) 221 1,075 52,920
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q q

(a) Largest likelihood ratio (b) Smallest likelihood ratio
20" calculation 2" calculation

Fig. 6. Most likely clusters obtainedsing theproposed method (Cagg

»
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Fig. 7. Most likely clusters obtainedsingSaTScan (Case 2)
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4.3. Case 37 the twenty -three special wards of Tokyo

The cluster detection results of Case 3, the analysis of data in the-23 sp
cial wards of Tokyo, are described tmg section. The input data, spatial
units and positiorand time of transactions are shown in Fig. 8.

Table 6 shows the attributes of the cluster detection results obtairgfd by
executions of the proposed method, and Table 7 shows the attributes of
clugers detected by the circular aaliiptic spatial windows of SaTScan.

The spatial extents of MLCs obtainesing the proposed method are
shown in Fig. 9, and those of MLCs obtained using the circular liptice
spatial windows of SaTScan are shown ig. BiO.

Similar to Cases 1 and 2, the proposed method outputs the clusters with
large likelihood ratio values, although their likelihood ratios are in a wide
range. However, the cluster periods detected by the proposed method do
not coincide with those dhe SaTScan in Case 3, although they almost ¢
incide in Cases 1 and 2. Since the proposed method has a large degree of
freedom for the spatial cluster shape, it allows the spatial disparitynef de
sity to be takeinto account more than the temporal disyarks a result,

the proposed method searches the spatial area with small land parcels,
where the number of real estate transactions per unit area is relatively large
for every time periodit outputsa temporal cluster period that almost-c

vers the wholetady period. On the other hand, in the methods using-circ

lar orelliptic spatial windows, the spatial shape is more stroregliyicted,;

they output the temporal periods of clusters under the restriotiche
spatial cluster shapes. These results shemwmecessity to control the pop
lation, especially when a method with a higher degree of freedomder sp
tial cluster shape is used for the analysis.

Throughour analysis of the three cases, it is confirmed that the proposed
methodis applicableto real daa. It is able to detect spatiemporal cls-

ters of point events with larger likelihood ratio values in a shortlzdion

time as compared with SaTScan methods. However, since the random
formation process of spatial aggregation groups affects the chietier

tion resultsthe necessity to consider the aggregation process further is i
dicated.
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(c) Transactions in 2003 and 20@d) Transactions in 2005 and 2006

(e) Trangactions in2007 and 200&) Transactions in 2009 and 2010

Fig. 8.Input data (Cas8)



