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Point cluster detection of socio-economic events for regional monitoring
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In this study, we developed new analysis methods to detect regions and time
periods with high event probabilities that differ from the surrounding areas from point event data,
which is a type of geospatial data that records the occurrence points and time points of events. The

proposed method is based on sparse modeling, a machine learning technique. We also extended the
proposed methods to Bayesian statistical methods and developed methods that can clearly show the
reliability of the estimation results, which is not possible with existing methods. The proposed
methods are validated by using simulated data, and their usefulness as regional analysis methods is
confirmed by applying them to real data such as crime location dataset.



B X C—19,. F—19—1, Z—19 ({38)

1. WFFERRME S PO =

15 OB AE BATOBIN BT Dt ~ O KA, B2 2t SRR TR BN S W TREM R (L E SR
Rl 2 Gidk L 7o HUBRZE [ 7 — 2 A3 H 2 REIZE - ERis TV 5d. A<, &E - BN O
F—=T T — A ORI, 4 F TITBHLREPNF O 2 TEH S 4T 72 ZHE 0 i 22 i)
TS DRBANEEAL TN D, HERZER T — 2 1%, it =4 ) o 7 RLAELIC IS < BORVEIZTE
MATREZR A A2 EH AR LT\ D72, K - SO MBRZEH] 7 — % & @he U7 ffiT % vl e
T 5 &, MO S REEER) O BURATE RO O N RITEN T2 Z 03 WIf/FTE 5. 2O
HrREOBFHE, BT - MG HE BTG RE 7o B2 1T 2 HE R FERREO —H>Th 5.

AWML, HELZER T — % O—FD, FG (4 X2 b)) OFEMAL - FER 25k Lo i ER T
—ZIZHEBRT D, SERT XX, EE - SEONTHRC, T - FEORE, BYYEDORIER E
MR FIEB O —bi 2 R I 5Lk T, MPEEMOAER R EARERORBUC bbb,

RERGHT O BIL, RO OHERR - KR 232 2 LIz, Z ORFZER55A O
AR 2R U7z BT, L - AR & B 2 RREEY 7o Hus-o e A Rl L 2 F A |2 SRV 7 Mk
FHRETLZ L THD. BIZIE, B TIIRE DR D FIAE SRS i\ O ISR 51 2l 3 2 o
(B 1%, Kulldorff & Nagarwalla, 1995) 7%, JLIR7F TIIEAF DI M &\ HUse IR ] 2 fili
T B0 (B 21, Shiode,2011) 2T, TOHERNDERNMTONTE =, ABFERIZZ D, 8
FHROREMRPMIZ A TE VMR T 5 e ITERET 5.

WEEDOMREWFIET, EFCHB SN 2ZMAF v U #eh (Kulldorff & Nagarwalla, 1995,
Kulldorff, 1997; Kulldorff, 2022) T 5. HEFEM D fe/ N2 BN & 70 D/ ik 2 5% L7- |
T, O/ NUSRE NI O S AR DMl & L & OIFEEGERIT3E L, PIRIO e R 23 SMHEl K
DHENE WD IR AR ET D, MR EER L TR 7o/ NIEHE 6 LT AR D
I BRI KT D B A U B¢, £ B e M 2 (2133 2 72 8D o8 B bb B R oo /)N it S
Z—OW, BAER RS MICEEDS S BEHST & O T— D DIRIERFHO A B L RET 5.
ZOFETIT—EIC—FHITOEMBEB LPRET 22 ENTERVMENR DY, HEOEMH
BAFRICHRHTE T, IEFICHRHT 2500865 (Bl 21X, Zhang etal., 2010). F7z, —
HLOO /NI A SERE BRI & L CREARGH « IR IBRGR 2 B E T 5 728, fkx 2 K& SRR D /)N
il AE A SRR REI A B E L O Z I EE L <, BRBHEIFSRENIC R S X5 215
VW (Bl 21E, Duczmal & Assuncio, 2004) &\ FRE G FET D.

—75, SERESEIE A 2 F AT E ST ICE B O LR A R T & 5 5L LT, False
Discovery Rate (FDR - {4 [5:52) HlNEIZ D < T FIED RS 7z (Caldas de Castro & Singer,
2006; Brundsdon & Charlton, 2011). FHRIEE L 72/ IS, WA SREGREMRNRE2D L
DA ERE L, T D p HEIZEESWT FDR OHAFHE A2 —ELL T I2H 2 5 5 CHEMREHE %
T 5. BEEREVICEAPRTEAS, BREEI S S/ Nl Rl S, RIfREOEREEEF T 5
—EHO/PNIRORHIZ T E v, £, ARG O A B HE L CAEMBR AL 2 i< 9
L EEEHEB R SIS KR D720, SITOZERGEZHET I 0LE D D.

FlHeBEREE LT, AR—RETY U FICHESS FENMEEIN TV, Lasso
(Tibshirani, 1996) 1%, FEEUFET VO R HEEICK LRI 2% L EAEEZEA L,
% < DIREHEENEDN 0 DER72 %A RO HFIETH 5. Lasso Z Lk L 72 generalized (fused) lasso
(Tibshirani & Taylor,2011) (%, FREUCHEHEEIR 258 E L T 24500 =I2B8 5 % Ly EAIRIE
AL T, —HOBEARBOHEEENE LW REZSG D . W22 M BAL & 3 2 /N Hus i AR5
ZEE L, N O B BEZBIMR I G o TRERDBHERIR 25 E L7127 MK LT, £R2%5
W2k 5 Ly BRI & BEEEARE D 2212 % 5 Ly IERIME A3 A L 7= generalized lasso CHEE 34U,
SIHT R RBERAER O & —B 2/ s O E A 0 12, —F LV ofREZ 0 LISk T
HEL, T09 bEET /NSO AU #H R A [F CICHEE LI RN S5 5.

Wang & Rodriguez (2005) <°% O —f%fb%z $7- L 7= Choietal. (2018) %, generalized lasso % i
ML RERERMEROBHEZRE L. F/ SO SEGED R T Y 3w > 2 &%
E L, & ORI XGRIR A R ORI & A&/ NI E A OFRELDOFITE S 415 . Generalized lasso
WZEDHEEIZ LY, R & R AR 72 5/ NS ORI D 7208 0 LISMZ, 122D
KYED[E] U —# /NS HE ORE A FEICHEE TE 5. ZOFEIE, EMAF ¥ U#EHS FDR
FENEIZEE DS < BEfF O T FE OB L R ATRe 2 FE LM T E 5.

72721, lasso HEEITHEEME DS 0 (SIS HIANIASA T A% FiH, EEHRINRO —EE % £F
TERNWZ ENMBNTEY (Bl Z21E, Fan&Li,2001), HEERE ROBEWMRIEERH 5. £7-,
HEEMOEFXE NG ONRN oD, HEERROAERLHE R TERVE VI REND .

Lasso #EE ORREMEIRIED —D1, MCP (Zhan, 2010) 72 OIS L 2 EAMETH 5.
0 BRI & T ATIFHEEME D ASA T AN 72, BEERO—BMEEZHGT 52 LR TH
% . MCP I3 generalized lasso & [RIARICBEEARE O 2Tk 5 IERIEA~DOILIR 4T TH Y (Jing
etal, 2018), S FREMEEIRSW FIE~OICH TREMENHIF CTE 5.

Flo, AN=RET V7T, REITRHEEEE LTHASND T T, EORMEMEICE
THERIIE DN, ZORMHEESEZEENICFHMETE 2 H5EE LT, XA ZHEENZET B
L. NA XHEETIX, MEHET VORE & 2 MRE L LT, FREDNE D feR 04 2 HEE



T 5. RO S LHEICE LT S 20O FRTARZ A L TCWDI5E, £ OMmilkz REL L
D EFEAMDME L TEZXDZENTED. —HORBOEMEN 0 &) FRTMERZ KRBT 5
FHIOAME LT, 777 A5534<° NEG (Normal-Exponential-Gamma) 757Afi72 & 0 (28— %
FORMnmbn TN D, 26 2 FHIOMICHRE LICHEEDOHRIME L LT, 777 2550

TILFR A ORAEME (MAP HEEME) 23 lasso #EEMIZ—2d 5 Z & (Tibshirani, 1996) <>,
NEG A &% ET 5 & lasso HEED /A T A& ETE 5 Z & (Griffin & Brown, 2011) 238 5
MITIR o TND. ZNDETEH LA AHEEZIT O &, REHEEE D5 203G B AL, HEREEK
RHFEROEHEX M ZHRT 2 Z E R ATRRIC R 5.

LUE®D 2 DOZED FEPEICHEN AR =R ET U > 2D < S GERE T T1E 2 B
T DHE, BEFOD lasso HEEIZ D T FIED A T HMEZ R T 5 Z LD FREIZ/R Y, B
eam SN TC X R FGERHTS OO IEZ R LS5 2 LN TEL EWFRFTE 5.

2. OB

AAFFEE, JLIRFEAERCIEN MR EOHI - R R A2 RTHFERT — ¥ 253U, flitilk & H7p
2 R AE A A s 3/ N A R T - ST 2 BT A AT Bk & LT, fused-MCP (2355 < fR
L, BELTY, generalized lasso X° fused MCP & [RIZ DHEE S FIRE T, 72D, FRELHEEM D /3 Af
DG B NHEERE R OEIMEZ AL CTE 24 AHMEFFIEORBE L HMNE T 5.

3. WDk
(1) Fused-MCP (2 }:-5 < N FHRAEFETETFIE DB

SRERDHICK L TRT Y v sl 2 E LTz =, SERERRHNEZ fused-MCP DOEiH|
AR TV et B E R R Kb & L CTERIL L72. Choi et al. (2018) & Jing et al. (2018) TH
WHILZ MM 7L Y X A (Hunter & Li, 2005) 235 L7727 03U X AEREELT-.

® i&%%%{f@iﬁﬁ%

W i (= 1,...,n) OEFESE yi &, B THAOIER xi= (1, xi,..., xp) OREGFRZ L B4R
BT B = (ﬁo,ﬁl, , BT (BolTEHIH)TEL, £ T ii\%ﬁfoﬁb‘ﬂﬁf”ﬁl ZEA DA RN
PRI o CETEFNLEERD. ARET N Tu>01, HK i AR L 0 SFEREOZ\VEE T
HHIEERT. AOCEMA SHlK | OREXIEZRT ATy NEZabFT L, ATV UMH
IHRET LT (1) TREND.

InE(y)=Ine +a, +x/p (1
B HUI DEEFEMAREL, BRI OEREMARE O 2, 2cm o L2 BRI MCPRIK
p(t;z,y)—zj;[l_;;ldx ")

WCEDERNEZEA LT, I EER KR TREEHET 5. a=(a1,...,on)", C% BEHEHUE D
BE, Ay 3,y p2, 3 BANANR—NRTG A= LT 5L REHEIZA 3) TERALTE S,

min[ ~0(.B)+ X7 o4 )+ 2 oo~ ) + 2 (18271 | 3)
12120, T U REAER I (0, p) ITEEIRE LM L2 (4) THD.
((a.B)=2"" [ (lne +a, + X! [5) exp(lnei+ai+xf[$)} O]

ZOHEEICK L, A (3) D BREIE A “RBEEISELIL, o, PERAIZEE L TMMY LAY
RN THELS FIEERE LTz, 6FREED NNA 73— T XA —H (L, 2, A3, 71, y2, p3) DIRTEFIEE LT,
AFEFEOE W EHIUE (AIC (Akaike, 1974), BIC (Schwarz, 1978), Bias-Corrected AIC (Kamo et al.,
2013), Extended BIC (Chen & Chen, 2008)) % #iqt L7-.

@ MERAOEET — & % A T YRR SE5R

— BRI AR E N B e D EREEIR A RE LR T — X AR L, R R AR
ATV, IREFEOMRZFMNL L7z, FHMEFEEIE, B, u,i%jafa BIEEEE F .

LR A RO NG Z X -1, 40 OFEERIZ X DT - BB - AEERORRER-1T
RT. BN, A 8—RF X — % FZEBICIC go%mm% &, BEFEE, BN
<, REBEENPRENGEIITEWVRE N 20T 5 FRERMEEMEATE 5 2 L 2R L.

"5 s —

[ L]

Jﬁ:?g%g
[—\If’ B

“(a) *;@T%T—; (b) AIC + CAIC (c) BIC (d) EBIC
BA-1  RFEHBEIAN LA B0 58, SRFE I PN A28 A 40 L D RR E LS K D 43 BT A




-1 BREA0E DO EEBRIC X AR

(a) BRI (b) ks R (c) fAphTE=
REH AEEL BREE AT | BEEE REREHL ]
smmms|_ Ac-cac | BIC 1 EBIC SIS AIC-CAIC BIC EBIC s  AIC-CAIC BIC

AR (15 175 2 [15 175 2 [15[175] 2 FAMK (15 175 2 |15 [175] 2 [15]175] 2 FHAK |15 175 2 [ 15[195 2 |15 [175] 2
10 0583 0. 0.008 0.198 0570 0.002 0021, 0.294 10 0.758 0.723 0.684 0.27: 0.181) 0.250] 0.1 10 0.173 0.187, 0.186
15 |07 0,037,0435/0.778 0.000 00930566 15 0658 0651 0653043102940, 15 [0.129/0.151/0.168
20 o7 0,087.059510850 0009 0.2740: 20 0675 0641 0640[0.336 0330 031 0.237]0. 20 |0.1470.1540.
40 054 0.2 40 0.649 0.657 0.6530.211] 0277 0.1370.12 40 0.162/0.178| 8
60 0. X 60 [0690 0621 06510224 0.217/0.232{ 0.1 60  |02050.155
80 0. 80 0606 0627 0286035 027802 80 [0.143 0.159)0.156

(2) Generalized lasso 3 X O fused-MCP & 3t L7z A A HEE TE O BA%E
O \ETLHIEEITKT D FEATOM L REFIEOME

X 1) OETFVICH L, EANLEAEOHREGT DA AHEEFIEZRE L. U, x4
SR AR CHBOIERRE D 5 6, EHEEE RV IWEBLREANY MLa g SR L, B=(b,
Biy s B)=(Bo, pNHT EFT. £, L (1) ORT YV UEIFETVOERIEILEFO & 72 57Tz
OIEANEZATD DT, EHIA fo OFRTIAN n(fo) ITEEIFHRFRTOMET 5.

Generalized lassolZxt T D HEE TIX, NA /X=X T A —=F 1, b, LE AV, o & g OFEFIA
\HBED T T T AGARD R SN D RIRE A 2(0.B|3. 2.4 ) ZREET D

(0 Bl4. 44 ) = (l;[cexp(—ﬂdai —aj|)1_‘][exp(—ﬂz|ai|)1fl[exp(—ﬂ?|/z|) )
A FE AR « RIS BB S D F& [RIRF /040 & XA #A$ % & Choi et al. (2018) (28 5 1E
RIS & LR — 8T 2 Z L 3R & 7.
—7J7, Fused-MCP |Z&HiG L7-HEE TIx, R (5) OFEINMZ, BEEHISOERIE T X —4
DK T HHERI DM AZNEG A0 CEHL Lo ER L E T o7z, NA/R—=RT A —F %), Ao, 13,y
&L, o, pOFFAISGMIRAEZRET .

(@Bl 2,4 )CNEG(%—ajlw)llllexp(—ﬂ?Iail)l_"][exp(—islﬂl) ©)

(i./)e

7272 LNEG 370 OHeRBE BT, 20D 1eR2, yeRY #8HoR (1) Th 5.
NEG(ZV.,}/)=I.‘-N(Z‘O’TZ)EXP(fZ‘W)Ga(w‘y,yiz)dfzd(l;[ NEG(oz,.—o:j‘2.1,;/)1f[exp(—/12\oz,.\)f[exp(—ﬁ.3 18]) )

T T AGAARFHEET HHEERIL, BEENIE 0 ORXT A= 3T 0 FRISHE/MEET
HOIZK L, NEG AN EES 5 A= AHEERIT, T A =X OHHMEN R E <72 DI25h
T T AN T HME 2 AT 5 (Griffin & Brown, 2011). FD7-%, BT 5 HEMME/ 5 2
— X DT D EAISA % T T T A5 D NEG SAICERT 52 LIlc kD, EREMEK
FEEEREM S L 0 BRI B S, SEREFIOBRHMERR R M BT 5 Z E WIS .

I, NAN=INTA=FL, a3 ZEEBIBINRCHE 2072 L, 2O mREREWAIC
(Watanabe, 2010)723 /N & DSRIFTRIET 5.

@ v alb—va T =% AW ERERAT F R

— BRI A B LT T — & AR L C, SRR SERMEER 21T , RE RO
REZ RN L7z, AT RO —F1 % X-212, 30O ERIZ L 57 - AR ER-2TRT.

TN, N ZHEICESSIFELS b, HEMROEEMELHR T 2EHReRMtTE 2
Z &, F£7z, fused-MCPIZxHis L7 SRR 0 A 2SNEG A & L 72~ A AHETEIZ K U, generalized lasso
HEEISRHE L2 BRI AN T 7T A0 E LTS, ZHEE LD b, FBEO SV S HLERER
MR FITCTED T L 2R L7z,

B
a O EREE ] = [ |
[ . Lt . Boss name
| | 0.0 i 0.20
10 05 [ 0.15 n
. g 003
Z 7T A o34 NEG%3 A 575 AT NEG%3 A

(@ D7 —2  (b) MR OFL IR OFHH (c) ERUERIL DIE (R
-2 SEAEARIR HA R & RAVERRE O S 0 AT O i - KR YE(R 22

K2 FROAMOIEE R

- A=) 2
(a) M) (b)ZBo
STEMEE = SHMEES REEL
FH R EHEE | 125 15 2| 25 3
5952 10 0. 5952% 10| 0.005| 0.009| 0.018| 0.021| 0.016
pos 20| 0. pos 20| 0.004| 0.012| 0.015| 0.014| 0.015
30| 0. 30| 0.009] 0.019] 0.017| 0.017
20l »oli{lo00e
\ - 4 : d
i 30| 0. il 30| 0.011] 0.007




4. BFZERR

KAFFENL, AN—=RFT Y o 71D < MHEREREER LI T 520 FIEEZHFE L. £
F° fused-MCP (23D < SFEREMENMR HEZ EXUt, ZOHEET VT A LZHEL, #
T — 2 W= ER A LT, RETIENT generalized lasso (235D < BEfFFIE X W £ D
BV, EREOSINARETH D Z & 2R LIz, F7-, generalized lasso 35 X O fused-MCP |
O RERERMEIR N FIELZ A ZEFIEE LTIREL, #EER RO RNEINEICET S
HREGOND N FEEBE LT, BT — 2 2 AW %2 1E U<, HEEREIE D 546 035
ONHEER RO REFRIEZEE E X RN TE DL 91T D 2L, £, fused-MCP (ZHS < HE
EFENLDEVERREZ AT 52 L 2R LT
ANR=ZFT Y U VITER LT AREOHEET, B HRE 75 5 CRAL SR, B 70l
W& T B 2B BB MESATIC LIS FTHE T, £ OMET b AL & RIRHC I L C & 7=, A
AN, NSO, CREAVICZZ MBS O A OB EALT 2 2 & ZRET 5%, BEESITFiE
ORHFZE M b CHGENCZER BB O ERBENET 5 Z L2 RET H. FEEOZERBLO
ARG FR T, BERY - R 2R ZE R BV ME SRR AR L Q0 2616 2 < BB S, ARAF%E
DR L B FEZ G LT 2 T FIEOBRB BRI TH 5. 5%, AR ZTEA L,
BT IR 22 BB T FIEZ ML L, MPRZE T — 2 25D < il o "I RetE 2 kiR 4%
ZEEMmET .

23 3k

Akaike, H. (1974) A new look at the statistical model identification. IEEE Transactions on Automatic
Control, 19(6): 716-723.

Brunsdon, C. & Charlton, M. (2011) An assessment of the effectiveness of multiple hypothesis testing for
geographical anomaly detection. Environment and Planning B: Planning and Design, 38 (2): 216-230.

Caldas de Castro, M. & Singer, B. H. (2006) Controlling the false discovery rate: A new application to
account for multiple and dependent tests in local statistics of spatial association. Geographical Analysis,
38, 180-208.

Chen, J. & Chen, Z. (2008) Extended Bayesian information criteria for model selection with large model
spaces. Biometrika, 95 (3): 759-771.

Choi, H., Song, E., Hwang, S. S., & Lee, W. (2018) A modified generalized lasso algorithm to detect local
spatial clusters for count data. AStA Advances in Statistical Analysis, 102 (4): 537-563.

Duczmal, L. & Assuncgdo, R. (2004) A simulated annealing strategy for the detection of arbitrarily shaped
spatial clusters. Computational Statistics and Data Analysis, 45: 269-286.

Fan, J. & Li, R. (2001) Variable selection via nonconcave penalized likelihood and its oracle properties.
Journal of the American Statistical Association, 95:1348—1360.

Griffin, J. E. & Brown, P. J. (2011) Bayesian hyper-lassos with non-convex penalization. Australian & New
Zealand Journal of Statistics, 53 (4): 423-442.

Hunter, D. R. & Li, R. (2005) Variable selection using MM algorithms. The Annals of statistics, 33(4):1617—
1642.

Jing, B., Yang, G., Yu, X., & Zhang, C. (2018) Fused-MCP with application to signal processing. Journal
of Computational and Graphical Statistics, 27(4): 872—886.

Kamo, K., Yanagihara, H., & Satoh, K. (2013) Bias-Corrected AIC for selecting variables in Poisson
regression models. Communication in Statistics- Theory and Methods, 42: 1911-1921.

Kulldorff, M. & Nagarwalla, N. (1995) Spatial disease clusters: detection and inference. Statistics in
Medicine, 14 (8): 799-810.

Kulldorff, M. (1997) A spatial scan statistic. Communications in Statistics-Theory and Methods, 26: 1481—
1496.

Kulldorff, M. (2022) SaTScan v10.0.2: Software for the Spatial, Temporal, and Space-Time Scan Statistics.
https://www.satscan.org/.

Schwarz, G. (1978) Estimating the dimension of a model. The Annals of Statistics, 6 (2): 461-464.

Shiode, S. (2011) Street-level spatial scan statistic and STAC for analysing street crime concentrations.
Transactions in GIS, 15 (3): 365-383.

Tibshirani, R. J. (1996) Regression shrinkage and selection via the lasso. Journal of the Royal Statistical
Society: Series B (Methodological), 58 (1): 267-288.

Tibshirani, R. & Taylor, J. (2011) The solution path of the generalized lasso. The Annals of Statistics, 39
(3): 1335-1371.

Wang, H. & Rodriguez, A. (2014) Identifying pediatric cancer clusters in Florida using loglinear models
and generalized lasso penalties. Statistics and Public Policy, 1(1): 86-96.

Watanabe, S. (2010) Asymptotic equivalence of Bayes cross validation and widely applicable information
criterion in singular learning theory. Journal of Machine Learning Research, 11: 3571-3594.

Zhang, C. H. (2010) Nearly unbiased variable selection under minimax concave penalty. The Annals of
Statistics, 38: 894-942.

Zhang, Z., Assuncdo, R., & Kulldorff, M. (2010) Spatial scan statistics adjusted for multiple clusters.
Journal of Probability and Statistics, Article ID 642379.



31 12 0 8

MASUDA Ryo; INOUE Ryo 11
Point Event Cluster Detection via the Bayesian Generalized Fused Lasso 2022
ISPRS International Journal of Geo-Information 187 187
DOI
10.3390/1ij9i11030187
PENG Zhan; INOUE Ryo -
Specifying multi-scale spatial heterogeneity in the rental housing market: The case of the 2021
Tokyo metropolitan area
Proceedings of 11th International Conference on Geographic Information Science -
DOI
10.25436/E2201T
, 30
RE-ESF-SVC fused lasso 2021
C-1-1
DOI
, 30
Group lasso 2021
C-1-3

DOl




30

Fused LASSO 2021
C-1-6
DOI
INOUE Ryo; ISHIYAMA Rihoko; SUGIURA Ayako 3
Identifying local differences with fused-MCP: an apartment rental market case study on 2020
geographical segmentation detection
Japanese Journal of Statistics and Data Science 183-214
DOI
10.1007/s42081-019-00070-y
, , 76
2020
D3 ( ) 251 263
DOI
10.2208/jscejipm.76.3_251
, 29
2020
C24-1-1

DOl




29

2020

C24-2-1

DOl

29

Fused-MCP

2020

C24-3-5

DOl

72

2020

91-106

DOl

29

2020

P-08

DOl




29

2020

B25-2-4
DOl
tl tl I 29
2020
C25-2-2
DOl
tl tl I 29
NIMBY 2020
B25-3-1
DOl
OGAS-MENDEZ Alberto Federico; ISODA Yuzuru; NAKAYA Tomoki 117
Strong, weak, or reversed: The spatial heterogeneities in the effects of squatter settlements 2021

on house prices

Cities

103304 103304

DOl
10.1016/j .cities.2021.103304




OGAS-MENDEZ Alberto FEDERICO; ISODA Yuzuru

10

Examining the Effect of Squatter Settlements in the Evolution of Spatial Fragmentation in the
Housing Market of the City of Buenos Aires by Using Geographical Weighted Regression

2021

ISPRS International Journal of Geo-Information

359 359

DOl

10.3390/i jgi10060359

INOUE Ryo; ISHIYAMA Rihoko; SUGIURA Ayako

Identifying local differences with fused-MCP: An apartment rental market case study on
geographical segmentation detection

2020

Japanese Journal of Statistics and Data Science

DOl
10.1007/s42081-019-00070-y

DEN Koichiro; INOUE Ryo

Extracting area and period of influence of new rail service on real estate market using fused-
MCP

2019

GeoComputation 2019

DOl
10.17608/k6 . auckland.9842270.v1

: Fused-MCP

2019

31 RAMP

143-157

DOl




28

Fused-MCP 2019
E-5-4
DOl
s 28
2019
E-6-1
DOl
ISODA Yuzuru; MURANAKA Akio; TANIBATA Go; HANAOKA Kazumasa; OHMURA Junzo; TSUKAMOTO Akihiro 8(10)
Strengths of Exaggerated Tsunami-Originated Placenames: Disaster Subculture in Sanriku Coast, 2019
Japan
ISPRS International Journal of Geo-Information 429
DOl
10.3390/i jgi8100429
ISODA Yuzuru; MASUDA Satoru; NISHIYAMA Shin-Ichi 14.(®
Effects of Post Disaster Aid Measures to Firms: Evidence from Tohoku University Earthquake 2019
Recovery Firm Survey 2012-2015
1030-1046

Journal of Disaster Research

DOl
10.20965/jdr.2019.p1030




INOUE Ryo; ISHIYAMA Rihoko; SUGIURA Ayako

Identification of geographical segmentation of the rental apartment market in the Tokyo 2018
Metropolitan Area

Proceedings of 10th International Conference on Geographic Information Science (GIScience 2018) 32:1-32:6

DOl
10.4230/L1IP1cs.GISCIENCE.2018.32

57

2018

DOl

57

2018

DOl

27

2018

DOl




58

2018

DOl

63(6)

2018

35-41

DOl

27

— — 2018

DOl

32 3 10

INOUE Ryo; DEN Koichiro

Identifying global and local spatial heterogeneity in apartment rent in the Tokyo metropolitan area

15th World Conference of the Spatial Econometrics Association

2021




PENG Zhan; INOUE Ryo

Specifying multi-scale spatial heterogeneity in the rental housing market: The case of the Tokyo metropolitan area

11th International Conference on Geographic Information Science

2021

RE-ESF-SVC fused lasso

30
2021
Group lasso

30
2021
Fused LASSO

30

2021




PENG Zhan; INOUE Ryo

Specifying spatial heterogeneity in the rental housing market in the Tokyo Metropolitan Area: An analysis by random effects
eigenvector spatial filtering-based spatially varying coefficients (RE-ESF-SVC) model

10th International Conference on Earth Observations and Societal Impacts

2021

PENG Zhan; Inoue Ryo

Identifying multi-scale spatial heterogeneity in the urban housing market: A fusion approach combining random effects
eigenvector spatially filtering-based spatially varying coefficient (RE-ESF-SVC) model with fused LASSO

2022 Annual Meeting of Association of American Geographers

2022

29

2020

29

2020




Fused-MCP

29
2020
2020
2020

29
2020

29

2020




29

2020

NIMBY

29

2020

INOUE Ryo; KIMOTO Hiroshi

Point-event cluster detection based on fused-MCP

Spatial Statistics 2019

2019

KANAMORI Ryo

Analysis of traffic accident frequency using data of subjective driving-stress as a preventive indicator

Spatial Statistics 2019

2019




DEN Koichiro; INOUE Ryo

Extracting area and period of influence of new rail service on real estate market using fused-MCP

GeoComputation 2019

2019

2019

: Fused-MCP

31 RAMP

2019

INOUE Ryo; ISHIYAMA Rihoko; SUGIURA Ayako

Identification of geographical segmentation of the rental apartment market in the Tokyo Metropolitan Area

10th International Conference on Geographic Information Science (GIScience 2018)

2018




2018

Fused MCP

13

2019

INOUE Ryo

Sparse modelling approach to identify geographical segmentation of rental apartment market in the Tokyo metropolitan area

CUSP London Seminar Series, King’ s College London

2019

2018




2018

2018

2018

I1SODA Yuzuru

Transforming a real-world polycentric city into a monocentric model using generalized mean distance to centers

International Conference on Spatial Analysis and Modeling

2018




KOMATSU Ken; ISODA Yuzuru

An estimation of tsunami death rate at place of activity using spatial interaction model

International Conference on Spatial Analysis and Modeling

2018

27

2018

27

2018

2019




(ISODA Yuzuru)

(70368009) (11301)
(KANAMORI Ry0)
(40509171) (13901)

(SHIODE Narushige)

(SHIODE Shino)

King"s College London

Birkbeck, University of
London




