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A Review on Geographically Weighted Methods and their Future Directions

Narumasa Tsutsumida®, Takahiro Yoshida**, Daisuke Murakami*** Tomoki Nakaya****

Geographically weighted (GW) method is a type of spatial statistical framework. GW methods have
been developed to tackle spatial heterogeneity in data, with a kernel that moves across geographical
space. The GW method applies to a wide range of statistical analysis methods to explore the local
geographical characteristics of data and its relationships in bivariate and multivariate data analysis. GW
methods currently include (generalized) linear regression, summary statistics, and principal components
analysis. They have further potentials to be extended to any statistical methods. To discuss future
directions of GW method developments, we reviewed previous works regarding the state-of-art GW
methods and available software and tools. As its customization is flexible, the GW method is feasible
for any spatial phenomenon in cases where spatial heterogeneity is to be considered.
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1. [FLEHIC

HIPRZZ ] EOFG O ZERI) 7o/ D SOt Z & (2
PN B 70 2 MBI ZE R BE ME & T (Goodchild,
2004) , %F5: & 9% HEEZE ] b o SR 7o R A e
T OO FENREINTE L, ZOHERE RS
TFY£(E, Brunsdon et al. (1996), Fotheringham et al.

(1997) HERE L7, #BEIFET LV OBELK -
W S D BRI 31T 2 HIBRAY I SR P 72 258 2
Sy BT 9 % BRI E [B] )R £ 7 /L (geographically
weighted regression, GWR) T& 5. GWR (%, HiFH
J1—>/b (Silverman, 1986) ZF|FH LT, /73T X
cYU v 7 ElRO—FETH 5 FATENT (Cleveland, 1979)
EHPRET U 7 DI DITIE LI b D TH S.
GWR & [FERIC, HUFRRY D — )L 2 H] L 22
L ORFTE A RBT D o FiEIIER & 2R TFIEIC
WH S 4, HERF O L 70 6T ERERNY: (Atkinson etal.
2003; P. Harris etal. 2010), #1538 (Chenetal.2012;

Dong et al. 2018), #FTi T.% (Feuillet et al. 2018; Luo
and Kanala 2008) fd5E£ (Hu, 2009; Nakaya 2005;
Yoneoka et al. 2016) 7¢ E% < O3EHIIGH ST
5. Filz, —HOFEIL, HEERIINE (geographically
weighted, GW) £ & L TEIHIN TS (Lu et al,
2014b; Gollini et al., 2015) .

HIFRZZ B G 39 D R HIRNT FIE DL  ITEAR
BRIZHET MmO (Fr—S7R) G ThD
ZENEL, ERREMER DI DG EE DY
&, BRI 2 5 TRRE L 72 RET R (v —ar
72) FEE R E SND AR S D . T OBLE)
O, HIPRAY A — v 2 HCHIBRRIZ SR R 72 50 BT
DOV R LIS < HBRAUINEYEIE, Z2Rir) REVE
ZPE D HIBRZE B G OB ICRNL D Z L IR S
TW5. BIfEET, #ix RHBRRNEESRE SN
TS bOO, fik & Pt A TV D GWR Dk
ITOBNSCZ DRI —)v, Fiz, BUFET VLS
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DER T~ 7 &, HBRAINE S 2 L
MR Lo I A o\, £ 2 CAR T, HiEt
RINEEO G RIELE ZOY — LV EEILL, 5% 0
WFZERRsE s — X% B4 5.

2. MERINEX

IR L7 X ole, EMMAEENEZBEST 57
b, HERAINELE CIIHBN D — L2 WS 2 &
ICFFE D 5. kG LT A MIPRZENE Z D F — %
NP 72 BE#L, BUOT—XICEALEZMN O
THRZ Lo a0k LIS 5. HA izHh
Dok LA —F O DTS () DERITE
EToh o0, HHEE 2 ET 5 Gaussian (F(1)),
Bi-square (. (2)) &, {RE L7V Boxcar (3. (3))
RENEICHOLR TN,

Gaussian: w;; = exp (_0'5 (%)2) M
(1_ (@)2) dy| < b
Bi-square: wy; = b | @Qij )
0, |dij| = b
. . (L |dij| < b
oxcar: w;; = 0 |d-- >p ®
1] I =

Z I TN RIE LTI D T A—H, dy; i3
i, JROEEETH 5. IR 2 RET 5 0 —xv
%, EOFLETROEALNPKE S, Flmn b
AT AT DIV TEAD A LT <. Bi-square &
Boxcar [3/3> Niig 2 8 2 7§ CTEAD 01272 573,
Gaussian X DEFHE L, N FiEZ#Z THERT
0 (21378 B FHEEREICISVTDHELRN 01278 5.
N RIS & 5 22 MR BB E O JR Erit O it
FAZEDDH/NTA—RTHY, ZOMHENNIWGE
W EHEDIEARD B A BR T D, —H, REWE
ALV ESEENTEARLZE L TORRINDG
e LD Ny NIEORRECIIHHEEE (fixed)
W, FEAE—E (adaptive) A H 5. FRBEREER I
Ny RigZB—oiE GaRIZ>2—27 Y > NiEHEE
THRETDHHDOTHY, RRZERNO EDOHRICE
WTHEI—FRVDOREIN—ETHHT0H, EZEM
DJRFTHECBET 2 RNES Th D, —J, A
—ERNE, N2 RIEANTHAN—TF DA —IE &

RBHEICERETHHLOTHY, WFZE O
D8 D HICAEA S BIC AT T D iz B VT b —
TEROPER Z e T & D 7 i RCHERHME A 2 E
DRSNS, N RiEE, x5 &+ 25 HiPRZE R
UG U THOMEICLVRESNDZ L H DN,
PRULIE R FLUE (AIC) °F DOMHIERR (AICc), leave-
one-out AZAZEMFE (LOOCV) ZHWTCT—% KU 7
VIRRT T —F TRESIND Z EHRL (Gollini et
al., 2015).

WREICARE, ZhvE TREIN TE offix 2
INEEIZHOW T T 5.
2.1. HEGIMERRET v

GWR 1%, HUFERY A — RS AR EH A%
72 ECR/ANCIRHEE ZITV, BT LICBR R
BEHTET D2 LT, SR O RPNk E
WZDTFETHD. GWR ITHE i DT x;
(k=12,..,p) EBEAZEHE y, R @IHE> 2 &
EAREST D :

Yi = Bio + Zhey BucXu + € 4)

Bio TUIF, B LElImtRER, e l3RREHTHSH. HEHA
wi ZFIH LTe B & o —3RE (R (5) 12k
HAS LD v — B VIR I By DHEEME Sy RO D

A . 2
bix = argrg_lkn Zj(yi = Bio — Zi:l ﬁikxik) wij  (5)

Ny s Y SN et R e BN O T S A )
WZE 5500 B D LR 28 5 A iR 3R o0 L) o3 A
D, ek, HUERRY U — L & REET G TS S 3K
g L7 RF22 [ 1 — X V1T K % geographical and
temporal weighted regression (GTWR) HELR ST
V% (Huangetal, 2010; Fotheringham et al., 2015) . 4
FZOTIETIE, MIERZER o MEEE & R o fREE
RLAG R, RRHE DV E, D OREE A
HENL TV DI E EEADVINE K 2R DRFZER ) — 1V %
EF L CTHEADZEIFEOHT Z2#:0 IK LERT 5. Wu
etal. (2014) (XX B2, KRS B QR %5
& L 7= geographically and temporally weighted
autoregressive regression %, Liu et al. (2018) (&
geographically weighted temporally correlated logistic
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GWR TIIEEOREO MBI AR 2 HET 255
BTYH, TOERDAT—NVaZfET DI —FND
N2 RIERWT ORI L THREIETHS. L
ML, —EOREUTHBERR 72 R N 70 ERE T &
LA, DX O IE L THLOARE D0 R %7
BLEWVEGLHD. 20X RGAL, RO
HPRR SR D RN 10— LIRIE & RS R A
o w— V7 % [ R ICE T mixed GWR

(Brunsdon et al., 1999; Mei et al., 2004, 2006) 3 5\
I % semi-parametric GWR ~ (Nakaya et al., 2005) & FEE
NOERDOETANPFEHTHS. 61T, I
T E\CHIER R D R — VBRI B L —fi TR
ETANLVBENE LB OND. BT LICR
72530 RIED T —F V& W et 2 vl L 45
multiscale GWR  (Fotheringham et al., 2017; Wolf et al.,
2018; Oshan et al., 2019; Yu et al., 2020) HEHZE S,
flexible bandwidth GWR (Yangetal.,2012), conditional
GWR (Leong and Yue, 2017) & HIFEINS. 245
DET ML, BAAZRE AL O 2 r—uic
DN, K0 KRR E I 5T D721 T <,
GWR T3 LT LIRRIE & 70 2 BT 22 2 AL

(PRI D58\ FEBIBIFRIC L DAREOHEE DA
ZET DRI OFBELEML, RBOMIIRE
R L0 EHEMERSHEETE 2 Z LWL
T2 (Murakamietal,,2019). 7235, ZEIHRIEIC
KL 272012, FEAWEEZEAN L FIEbREIS N
TWo. Uy PoRFx—4 (L2 ERL) Z8ALEL
GW ridgeregression (Wheeler,2007) & LASSO (L1
IEHME) ZE A L7= GW lasso regression (Wheeler,
2009) 13 DOREMFLETHS. U v & LASSO &
WET DHENHEEILETH D elastic net ZEA L7
GW elastic net (Yoneoka et al., 2016; Li and Lam, 2018;
Comber and Harris, 2018) <2, XA AHEEIZ XL 2 ER
{b&4T > 72T (LeSage, 2004) ©, 5. 728, L1 1E
AN ZE R L7258 3R EHEE S 0 1270 2 Hisi3
AT DT, RO ZE AN AERUZ 72 Y
R EE L < 2 D RUICHEREZET 5.

— 7R ERE T L DR & L THMUEIZ KT S
TEREEPEDR ST B35 23, GWR OFHEIATIBNT, 2

DXL E LT robust GWR (P, Harris et al., 2010) <°
M-quantile GWR  (Salvati et al., 2012) 2M2ZR 4T
W5, F72, @8 O quantile regression & [FAIERIZ 3
AT e < HixtiRZ % H W5 GW quantile
regression (Chenetal., 2012) HIFRINTW5D.

£ ZAT, GWR FEIEARIZOWTOFFTRNG %
MO RTMENRDH DI, FHEENKE L, #R
1~2 HLLEOERIZZOE AT 5 2 & IXEE
Thd. TOH, il LI —5EOBERDHITEES
<ETMHEENEHAM R EBILITFEE LTHNS
NTE 7= (21X Tasyurek and Celik, 2020; Feuillet et
al,, 2018).  ArcGIS TITRIMATAIZ GWR %6
T DB, WIIERE CIEEL O 1,000 FEARD I %
HE DT TWVWD., Zizxt L, R. Harris et al.

(2010), Tranetal. (2016), Lietal. (2019) ,Wang
et al. (2020) 1% GWR DOFIHET /L= Y X LDk
AT D, Lietal. (2019) 13 GWR OFHR &
O(NlogN) (BEAELA N Y 2 H12240C, FHRIFRIIT
NlogN T OHEN) £ THIPL 72 fast GWR 7 /L= Y
A LHHEZ LTz, —J5 Murakamietal. (2020) (37—
KON & > THEA &% O(NlogN) F THI
W52 T, WHHbZR LIZS b7 % mE bz flhE
&9 5 scalable GWR Z#42ZE L T\ 5.
2.2. HUPRAYINE —R(LARERYRE T v

GWR (Th/h “RHEEZ S L L, RRGEHEDNIES
DANHE D LARE L TWDH T2, ZLIS Oy
HE D —HALBRIEE T /L (generalized linear model,
GLM) OFsZ~0D GWR OIEHE (GWGLM) it
D HAVTET (Nakaya, 2015). 72 & %1%, Nakaya et
al. (2005) T, #AIAZHS Poisson 3T ICHES T
HETHE T — % LKET D GW Poisson
regression %, Atkinsonetal. (2003) [XFR7ZEIHA IH
DANZHE D, WA ER D EOLGEITRS LT
GW logistic regression Z 243 L72. Z DAfll, FAAZIH
LA D T — #lTxtis L7 GW
multinomial logistic regression (Luo and Kanala, 2008) ,
A O "HASGAIZHE D GW negative binomial regression

(da Silva and Rodrigues, 2014), - =id%| Poisson 47
i W2 %€ 9 GW zero inflated Poisson regression

(Kalogirou, 2016), ~— % 534024 59 GW beta
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regression (da Silva and de Oliveira Lima, 2017) 7 £'73

FREINTWD. F£72, logistic/probit U > 7 BIIC

XV IERFT —ZIZx s L7z GW ordinal regression
(Dong etal., 2018) HIEFIN TN D.

2.3, HUEROINEEROFE &

BRI GO &2 RATHIC B 32 Tk, H
B 0 2K A FF & ( geographically weighted
summary statistics) C& % (Brunsdonetal.,2002).
B A — VA T, BRI R TR 72 -2 fE 0
IEHERZAED 72 B l, B, ik, MUoaohn
HHOZEMEER ZRRT 5. AR ORRE R~ Y
7V OMBERE, AT < ONEAARBER K

(Gollini et al., 2015) 3 X Z LN ORIARLEEL
(Percival and Tsutsumida, 2017) % HIERA I E 1256
ALIZFEBREINTND.

UEe—hErv 7 On8 T, BREICER LT
MR B SRR T &I ST & 2. 22
T LI T DBGE®RAET — % 20,
Comber etal. (2017) (¥4 7 IV —Ho s
— X DI & [T IR GATAN AR5 2 & T,
ZEMIRCFEAN L 7=, Tsutsumidaetal. (2019¢) i, %%
B Z A B —F — 2 Tl 5 THgEHEET — % O
KRS, MERPEYIRRGE, R IRARE D ZE
H7efm 0 Z mIfik L7,

IO MBI E A E O N R,
LOOCV (& 2 mE(LFIEDRRESNATNDLHDOD

(Gollini et al., 2015), RIEMEAEELRVEE LS
< (Tsutsumidaetal.,2019¢c), ¥RZRAIIIRTET D &
N,

2.4, HPRRINE RSy AT

TS 578 (principal components analysis, PCA) @
BRI 72 5 DA FGBFRIZ BT, B2 T — %
DZERI BB & BT 5 72 DI HIBRAI N E T2 a5
778 (GWPCA) DMER SN TS (Fotheringham et
al., 2002; Harris et al., 2011). 55415 ERHAIX
PERD PCA EFLT 275, BRI R BT i,
FTHRNEMOICEET 5. 207, EATICHE
KSNTNEHRD OB, ANEEN S FR G ~D %5
DEGNEZR T LIZERZT L ENAREL 12D,
/X FigIE LOOCV TRET % (Harris et al., 2011)

ZEN—IRTH DAY, JEME L7V IRITEITRE LT
LOOCV TIIEEFNFONRNEE B L. £0
AREICKHLT L, m—H iR RFRA 5 3RICE R L
7o\ RIEREEBIREZE SN TS (Tsutsumida et
al,, 2017). GWPCA |3%2[W 7 —# & v PNDOL AR
NIEDOERZE (Harrisetal., 2014) X°, HFRZE[]T —
27D DA FRIEERIZIEH ST\ % (BEEIED,
2018; Tsutsumida et al., 2019a) .

3. RE¥EY—L
ZIUBIEINTE MBEINEEIZOWNWT, &

SN TV ORI — L &2 R 1ICE LT
GWR4 (https://gwr.maynoothuniversity.ie/gwr4-
software/) |3 Windows OS TA A h—/LA[RE7R A
B RTa BT T =23 ThY, GUIHERE
2HT 5. GWR, GWGLM D[aliE 7 /L ORERE 4 1
¥LTHEY, semi-parametric GWR % Binomial %Y,
Poisson ! CHEIEL TV HLMHE—DY—1LTH 5.
ArcGIS (https://www.arcgis.com/index.html) £ GWR
\ZANZ, ArcGIS Pro 2.3 LAKE TlZ GWGLM (Binomial,
Poisson) ~DOXHLEAK HALTW A, RpTi7e % &L
BRPEDRA 22 5 B 2N RIE DB LF IR FAT S
NIRNZERH Y, oy — L OFFER L IS
—H LW LICHEEZHE T S5, MGWR

( https://sgsup.asu.edu/sparc/multiscale-gwr ) X
multiscale GWR % L3 % Z & A3 A[HE/: python X —
AP GUI V—/LTH 5 (Oshan, 2019). multiscale
GWR [ Gaussian D&, GWR, GWGLM (22T
!X Gaussian, Binomial, Poisson BZ%f i LT\ 5. 2
@ CLI (Command Line Interface) it CT& 5 mgwr

(https://github.com/pysal/mgwr) HABH STV 5.
WY 7 F v =7 R T, GWmodel /X 47—
Y (Luetal, 2013) ASHEERAINEILEOSHFIEOZE
< ZMEFEL T 5. spgwr /Nv 47— (Bivand et al.,
2006) X Ictools ¥+ & —7 (Kalogirou, 2014) Tt
GWR,GWGLM ZFEATARETH 5. 72% Ictools /¥
47— 1% GW zero inflated Poisson regression 735217 C
DRI B 5.

BURTIZ CLI 2 _X— R & U7 Mg in 895 o BR %

MDEICEDHNTNDHZ b HY, GUIIZEDTFLE
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F1  HEAYINEEOFREEY —L

FE =Y -
CLl
GUI
R Python
ERETE
GW mean, standard GWmode/
deviation, skewness, (Lu et al, 2013)

median, quantiles,
Inter-quartile range,

covariance
GW (partial) correlation GWmode/ (correlation®d+)
coefficient (Lu et al, 2013)
ctools (correlation® &)
(Kalogirou, 2014),
GWpcor
(Tsutsumida and Percival 2020)
IREEIR
GWR ArcGIS GWmode! MGWR
GWR4 (Lu et al, 2013) (Oshan et al., 2019)
Ictools
(Kalogirou, 2014)
spgwr
(Bivand et al., 2006)
Semi-parametric GWR4 GWmode!/ (Gaussian® #+)
(mixed) GWR (Lu et al, 2013)
Multiscale GWR GWmode! MGWR
(Lu et al, 2013) (Oshan et al., 2019)
fast GWR MGWR
(Oshan et al, 2019)
Scalable GWR GWmode/
(Lu et al, 2013)
scgwr
(Murakami et al., 2020)
—RALARFEER
GWGLM ArcGIS GWmode/ MGWR
(Poisson, Logistic) GWR4 (Lu et al, 2013) (Oshan et al, 2019)
Spgwr
(Bivand et al., 2006)
Ictools (Poisson® &)
(Kalogirou, 2014)
GWGLM Ictools
(Zero-inflated Poisson) (Kalogirou, 2014)
FFZE o))
GTWR GWmode!
(Lu et al, 2013)
SERIIT
GWPCA GWmodel
(Lu et al, 2013)
GW non-negative PCA GWhnnegPCA

(Tsutsumida 2020)
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EREAYD 22, CLI Tl TR O£ < & HEE
THIENTED 5T, FlAIXBRBRNZEMT—4
ST D SUIRIZIB N TIX/ ST A — X OFFEEIZS U CHE)
W7 R OMRALA FIRE? GUI WEHTHHZ &
HZUN. F 2T, CLI Y —/L% GUI LT B 7-HD 7
L—AU—7 Té5 R shiny ZFIH L7=328E 550
R IN TV (Tsutsumida et al., 2019b).

4. SHEORE

ZAVE T L C & - BRI TR O R R A I £
z, RETIIASHBROBERIZIONTE DT,
4.1. X0 FERIRHBRA B — RV DG

W H O RERA N TR D ’IERR A — R Vi,
MBRHE AR ET D 2—2 Y v FHEESTVE E
HAZRELLTDHEIORESNTE 2. ZhucxiL
Luetal. (2014a) X1 v bU—7 Bk, WRREIFREE & W

o Tk & 7R PR e 2 MO 0 — R VIR LTz,

S 512, Harrisetal. (2013) 1%, #XEHEDOHHI72
WItHZEM & AT C T2 ER LT — LD

BEITITIZ L D contextualized GWR Z1RE L T\ 5.

Atk & HITHRRARZERA R ORI 2 KB L

TeHIBER ) — RV DG RO BND EEZDBND.

Bl Z I XE TR 72 & DORKIGRWE 2T b T
D56, BimOEE e BB USRI L TR L
FOBRATFICEAZRELSTD, LWLSTWRBE
AbND. £, FESTEEDZERTT /L L
S TR OBGITHR L CIE, ZRIcZEM OB
JTCIE e AR AN L7 =i BTN &
W BEESND. ZO L) 2P TITHBEAYINE
ETHWHNTE2HERD 2 IRTT DB 7 — )V

TIRTHEME A OIS RBLTE TORWATREM R & 5.

HBAHEPRIEST HHREOEFRD GWR ORFERLE
HAWEIT B % KT T & OMFFE (Comber and Harris,
2018; Luetal,,2018) 7B bR IND L 9HIT, FHfl
(Zhe U CHIBERRY 7 — 0 L A @ U3 E 9 5 iEam D
FFBROHNDH725 9.
42. LR DHHEFFE~O®H

GWR 7 HIE UE Y kR & e htit FIEIC - E
ENEH SN TEDR, DI FIEICIES
HEMBEIN TS, Bl ZIXEYFET IO T

X, GW betaregression (da Silvaand de Oliveira Lima,
2017) D % J5 % JL5RE L Dirichlet /34 238 A5 Z
ET, BWTOHET — X IZxH LTz GWR OLR
DHRETHDH EEXbND. BE LT, MESE
THIAH ST ETMALT — Z T & M % 2kt
DHRT — Z i I R N E R 2@ L=
ENER SN TV D (EHIED, 2020). £ Ofh, Hi
BRAINEIEIC X 2 22 M0 BT 7 L ORFFRIEER
E M) (Nakaya, 2001;Kordi and Fortheringham, 2016;
Tamesue, 2016; Oshan, 2020) T& v, A D _IH/MAD
FI| FA=° multiscale {b.72 E DR DOEHNTE - TV 5.
BT, ERIEET L~D GWR OYLE  EEE /5
BTHD. GWR [THIFIFBIR A RER A bh
LI, $ET NV EEREE T 5D REIZIEE
7RZEH T AT Ko TER I NI AN Z — U EHi 6
A5 ZEIFTERY. BHERZEM AN — o o7
—H EFHICET LT 27200 F KL LT, =
2 —F Ty N — 7 FEOMEE Tk L PR
HELOMELEELRPFEAICR DL EEZOND.

T, EROITICEB W TEMPREMEEZ T A
Nz X 91, WHEEEET WVIZE W T H B INE
EPEAFEETH A 5. Fl LR FAERR OB
BWT, Ko L0 amat 2T — 2 otk
DAEEOIHER T A B ST DR ED H T
& 727% (Hunter, 1971; Janson, 1980), K¥5#riz kb
R Z 9 2RI\ T, WEROBFFERE Tk
T — X DZERB RS A BT E TWLRV. HIBRAY
INEEEZEATHZ EICLD, SR+ &80
ST E ORRZ T IK FA R RN S A E
X 912720, XV RTINS S OEIRN AT RE
(272 LHIRF SN D.

I BT, FFZERYEIZIB VT GTWR Mg S &
N, [EUFET VORI I TREZER] I — RV
AN S, ZERIM OB BB EICER T 5
ZEWAEL R TEI. ZOT AT T B RE I,
— AR BT 7 OB, R TR
EORFERE L ARETH H. & 0 b kDT %
FHEIEDH LT, KTHE A S L TRZE/M Eo%r
e (FF72) A X2 MOFEEANAREICZ D &5
Zbib.
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IO DFBICAR AR ZFREITF RO E(TH
%. HERAOINEIEIIHUS 2 &R 2R 0T & EAT
LWL 72018, BEAKITS U TREEERIL L
TV, I, T 58y 77 — X ICRSEE7e
HFRRINEE O BITEEESHEH LTV, T—%
BOMKIZENT =4 « X4 THEZEMEL T D 2
LICERLDE, GWR BT KRICEEEELT
GWGLM <> GWPCA 72 & @ Hi 81 () N & ik ©
multiscale 1V, - FFZEf{LAHIFF S D L RIFFIC, Zh
D & W AT ATREZR BRI R 7o 8 e & WA
Ihb.

5. 8H VI

AFGTIE, JRHPRIZE S BN EILE O R IE OB
K KO ATRBAR ALY — L A % L D72 GWR
R S CUARE, B £ CITRIRENG, —B(bRE
B, BORREETRE, TR T K2R T D
FFFREA~OISHABED BT E 72, K52 GWR T,
HFLAY B — LD multiscale {KIZ L 0 FRBAEE = &
DZEMREMEZ BB T 5 2 & BAMHEIC e 5 721E)
R OEmEL b ER SN TE .

7SR RGP E B L7 M BRZE B S R 12 1f)
, HEERROINEERIZE O @R AR L, Atk
bikx pBIG - FHNIHET RSB L TN 2 L
BHIFEND.

S

Big7e CHRM A TEW - B I L BT 5.
AHFFE1% ROIS-DS-JOINT (006RP2018, 004RP2019,
003RP2020) DEIR% %% 7-.

BSEXM

B RBC + A BRI - 35 HSERE - TP AR (2018)
ZEMHEET — 2 12 K DA TRERAERL D 7= 6D D HIFR Y
INEFEAME RS 3T O], THIBLE SR S 2 7 L%
iR ) (CD-ROM), 27, C-5-2.

S - B R - WA - SEERB - TP ACHT -
BEREON (2020) FHBT — & 0723 0 M ER A N A )
TT V. THEEH S A7 A ESHER CE] (CD-
ROM), 28, C24-1-4.

Atkinson, PM., German, S.E., Sear, D.A., Clark, M.J.

(2003) Exploring the relations between riverbank erosion
and geomorphological controls using geographically
weighted logistic regression. Geographical Analysis,
35(1), 58-82.

Bivand, R., Yu, D., Nakaya, T., Garcia-Lopez, M.A.
(2006) CRAN - Package spgwr. <https://CRAN.R-
project.org/package=spgwr>.

Brunsdon, C, Fotheringham, A.S., Charlton, M. (2002)
Geographically weighted summary statistics — a
framework for localised exploratory data analysis.
Computers, Environment and Urban Systems, 26, 501—
524.

Brunsdon, C., Fotheringham, A. S., Charlton, M. (1999)
Some notes on parametric significance tests for
geographically weighted regression. Journal of Regional
Science, 39(3), 497-524.

Brunsdon, C., Fotheringham, A.S., Charlton, M.E. (1996)
Geographically weighted regression: A method for
exploring spatial nonstationarity. Geographical Analysis,
28(4), 281-298.

Cleveland, W.S. (1979) Robust locally weighted
regression and smoothing scatterplots. Journal of the
American Statistical Association. 74(368), 829-836.
Chen, V.Y.J., Deng, W.S., Yang, T.C., Matthews, S.A.
(2012) Geographically weighted quantile regression
(GWQR): An application to US mortality data.
Geographical Analysis, 44(2), 134-150.

Comber, A., Brunsdon, C., Charlton, M., Harris, P. (2017)
Geographically weighted correspondence matrices for
local error reporting and change analyses: mapping the
spatial distribution of errors and change. Remote Sensing
Letters, 8(3), 234-243.

Comber, A., Chi, K., Huy, M.Q., Nguyen, Q., Lu, B., Phe,
H.H., Harris, P. (2018) Distance metric choice can both
reduce and induce collinearity in geographically weighted
regression. Environment and Planning B: Urban Analytics
and City Science, 47(3), 489-507.

Comber, A., Harris, P. (2018) Geographically weighted
elastic net logistic regression. Journal of Geographical

Systems, 20(4), 317-341.



(RA ST > MiR) SRHAREC « & SR - A B - P A (2021) hERRINEIE O IEE A & 5% D

JREE GIS-Biam &S H 29 (1), 11-21.

da Silva, AR., de Oliveira Lima, A. (2017)
Geographically weighted beta regression. Spatial
Statistics, 21, 279-303.

da Silva, A.R., Rodrigues, T.C.V. (2014) Geographically
weighted negative binomial regression-incorporating
overdispersion. Statistics and Computing, 24(5), 769-783.
Dong, G., Nakaya, T., Brunsdon, C. (2018)
Geographically weighted regression models for ordinal
categorical response variables: An application to geo-
referenced life satisfaction data. Computers, Environment
and Urban Systems, 70, 35-42.

Feuillet, T., Commenges, H., Menai, M., Salze, P,
Perchoux, C., Reuillon, R., ..., Oppert, J.M. (2018) A
massive geographically weighted regression model of
walking-environment relationships. Journal of Transport
Geography, 68, 118—129.

Fotheringham, A.S., Brunsdon, C., Charlton, M. (2002)
Geographically Weighted Regression: The Analysis of
Spatially Varying Relationships. Chichester: Wiley.
Fotheringham, A.S., Crespo, R., Yao, J. (2015)
Geographical and temporal weighted regression (GTWR).
Geographical Analysis, 47(4), 431-452.

Fotheringham, A.S., Yang, W., Kang, W. (2017)
Multiscale geographically weighted regression (MGWR).
Annals of the American Association of Geographers,
107(6), 1247-1265.

Fotheringham, A.S., Charlton, M., Brunsdon, C. (1997)
Measuring spatial variations in relationships with
geographically weighted regression. In Fischer, M.M.,
Getis, A. eds. Recent Developments in Spatial Analysis:
Spatial ~ Statistics, ~ Behavioral = Modeling  and
Computational Intelligence, Springer, 60—82.

Gollini, I., Lu, B., Charlton, M., Brunsdon, C., Harris, P.
(2015) GWmodel: An R Package for Exploring Spatial
Heterogeneity Using Geographically Weighted Models.
Journal of Statistical Software, 63(17), 85-101.
Goodchild, M.F. (2004) The validity and usefulness of
laws in geographic information science and geography.
Annals of the Association of American Geographers,
94(2), 300-303.

Harris, P, Brunsdon, C., Charlton, M. (2011)
Geographically weighted principal components analysis.
International Journal of Geographical Information
Science, 25(10), 1717-1736.

Harris, P., Brunsdon, C., Charlton, M., Juggins, S., Clarke,
A. (2014) Multivariate spatial outlier detection using
robust geographically weighted methods. Mathematical
Geosciences, 46(1), 1-31.

Harris, P., Fotheringham, A.S., Juggins, S. (2010) Robust
geographically weighted regression: a technique for
quantifying spatial relationships between freshwater
acidification critical loads and catchment attributes.
Annals of the Association of American Geographers,
100(2), 286-306.

Harris, R., Dong, G., Zhang, W. (2013) Using
contextualized geographically weighted regression to
model the spatial heterogeneity of land prices in Beijing,
china. Transactions in GIS, 17(6), 901-919.

Harris, R., Singleton, A., Grose, D., Brunsdon, C.,
Longley, P. (2010) Grid-enabling geographically weighted
regression: A case study of participation in higher
education in England. Transactions in GIS, 14(1), 43-61.
Hu, Z. (2009). Spatial analysis of MODIS aerosol optical
depth, PM2.5, and chronic coronary heart disease.
International Journal of Health Geographics, 8(1), 27.
Huang, B., Wu, B., Barry, M. (2010) Geographically and
temporally weighted regression for modeling spatio-
temporal variation in house prices. International Journal
of Geographical Information Science, 24(3), 383—401.
Hunter, A.A. (1971) Factorial ecology: A critique and
some suggestions. Demography, 9(1), 107-117.

Janson, C.G. (1980) Factorial social ecology: An attempt
at summary and evaluation. Annual Review of Sociology,
6(1), 433-456.

Kalogirou, S. (2016) Destination choice of Athenians: An
application of geographically weighted versions of
standard and zero inflated Poisson spatial interaction
models. Geographical Analysis, 48(2), 191-230.

(2014) CRAN - Package Ictools.
<https://CRAN.R-project.org/package=Ictools >.

Kalogirou, S.



(RA ST > MiR) SRHAREC « & SR - A B - P A (2021) hERRINEIE O IEE A & 5% D

JESE GIS-#aa &M 29 (1), 11-21.

Kordi, M., Fotheringham, A. S. (2016). Spatially weighted
interaction models (SWIM). Annals of the American
Association of Geographers, 106(5), 990-1012.

Leong, Y.Y., Yue, J.C. (2017) A modification to
geographically weighted regression. International
Journal of Health Geographics, 16(1), 11.

LeSage, J. P. (2004) A family of geographically weighted
regression models. In Anselin, L., Florax, R.J.G.M., Rey,
S.J. eds. Advances in Spatial Econometrics, Berlin,
Heidelberg: Springer, 241-264.

Li, Z., Fotheringham, A.S., Li, W., Oshan, T. (2019) Fast
geographically weighted regression (FastGWR): a
scalable algorithm to investigate spatial process
heterogeneity in millions of observations. International
Journal of Geographical Information Science, 33(1),
155-175.

Li, K., Lam, N.S. (2018) Geographically weighted elastic
net: A variable-selection and modeling method under the
spatially nonstationary condition. Annals of the American
Association of Geographers, 108(6), 1582—1600.

Liu, Y., Lam, K., Wu, J., Lam, T. (2018) Geographically
weighted temporally correlated logistic regression model.
Scientific Reports, 8(1), 1417.

Lu, B., Charlton, M., Harris, P.,, Fotheringham, A.S.
(2014a) Geographically weighted regression with a non-
Euclidean distance metric: a case study using hedonic
house price data. International Journal of Geographical
Information Science, 28(4), 660—681.

Lu, B., Harris, P., Charlton, M., Brunsdon, C. (2014b) The
GWmodel R package: further topics for exploring spatial
heterogeneity using geographically weighted models.
Geo-Spatial Information Science, 17(2), 85-101.

Lu, B., Harris, P., Charlton, M. , ..., Evans, F.H. (2013)
CRAN - Package GWmodel. <https://CRAN.R-
project.org/package=GWmodel>.

Lu, B, Yang, W., Ge, Y., Harris, P. (2018) Improvements
to the calibration of a geographically weighted regression
with parameter-specific distance metrics and bandwidths.
Computers, Environment and Urban Systems, 71, 41-57.
Luo, J., Kanala, N.K. (2008) Modeling urban growth with

geographically weighted multinomial logistic regression.
Proceedings of Geoinformatics 2008 and Joint
Conference on GIS and Built Environment: The Built
Environment and Its Dynamics, 7144, 71440M.

Mei, C., He, S., Fang, K. (2004) A note on the mixed
geographically weighted regression model. Journal of
Regional Science, 44(1), 143-157.

Mei, C., Wang, N., Zhang, W. (2006) Testing the
importance of the explanatory variables in a mixed
geographically weighted regression model. Environment
and Planning A, 38(3), 587-598.

Murakami, D., Lu, B., Harris, P., Brunsdon, C., Charlton,
M., Nakaya, T., Griffith, D.A. (2019) The importance of
scale in spatially varying coefficient modeling. Annals of
the American Association of Geographers, 109(1), 50-70.
Murakami, D., Tsutsumida, N., Yoshida, T., Nakaya, T.,
Lu, B. (2020) Scalable GWR: A linear-time algorithm for
large-scale geographically weighted regression with
polynomial kernels. Annals of the American Association
of Geographers, 1-22.

Nakaya, T., Fotheringham, S., Brunsdon, C., Charlton, M.
(2005) Geographically weighted Poisson regression for
disease association mapping. Statistics in Medicine,
24(17), 2695-2717.

Nakaya, T. (2001) Local spatial interaction modelling
based on the geographically weighted approach.
GeoJournal, 53, 347-358.

Nakaya, T. (2015) Geographically weighted generalised
linear modelling. In Brunsdon, C., Singleton, A. eds.
Geocomputation: A Practical Primer, London: Sage
Publications, 200-220.

Oshan, T.M., Li, Z., Kang, W., Wolf, L.J., Fotheringham,
A.S. (2019) MGWR: A python implementation of
multiscale geographically weighted regression for
investigating process spatial heterogeneity and scale.
ISPRS International Journal of Geo-Information, 8(6),
269.

Oshan, T. M. (2020). The spatial structure debate in spatial
interaction modeling: 50 years on. Progress in Human

Geography (to appear) .



(RARTY > MiR) SRFHRREC « & SRR - A B -

JREE GIS-Biam &S H 29 (1), 11-21.

Percival, J., Tsutsumida, N. (2017) Geographically
weighted partial correlation for spatial analysis data.
GI Forum, 5(1), 36-43.

Silverman, B.W. (1986) Density estimation for statistics
and data analysis. London: Chapman and Hall.

Salvati, N., Tzavidis, N., Pratesi, M., Chambers, R. (2012)
Small area estimation via M-quantile geographically
weighted regression. 7est, 21(1), 1-28.

Tamesue, K. (2016) Methodological developments for
spatial analysis of origin-destination flows. Ph.D.
dissertation, Graduate School of Systems and Information
Engineering, University of Tsukuba.

Tasyurek, M., Celik, M. (2020) RNN-GWR: A
geographically weighted regression approach for
frequently updated data. Neurocomputing, 399, 258-270.
Tobler, W.R. (1970) A computer movie simulating urban
growth in the Detroit region. Economic Geography, 46,
234-240.

Tran, H.T., Nguyen, H.T., Tran, V.T. (2016) Large-scale
geographically weighted regression on Spark. 2016
Eighth International Conference on Knowledge and
Systems Engineering (KSE), 127-132.

Tsutsumida, N. (2020) CRAN - Package GWnnegPCA. <
https://CRAN.R-project.org/package=GWnnegPCA >.
Tsutsumida, N, Harris, P., Comber, A. (2017) The
application of a geographically weighted principal
component analysis for exploring twenty-three years of
goat population change across Mongolia. Annals of the
American Association of Geographers, 107(5), 1060—
1074.

Tsutsumida, N, Murakami, D., Yoshida, T., Nakaya, T., Lu,
B., Harris, P. (2019a) Geographically weighted non-
negative principal components analysis for exploring
spatial variation in multidimensional composite index.
Proceedings of the 15th International Conference on
GeoComputation, 6.5.

Tsutsumida, N., Percival, J. (2020) CRAN - Package
GWpcor. <https://CRAN.R-
project.org/package=GWpcor/index.html>.

Tsutsumida, N., Percival, J., Murakami, D., Yoshida, T.,

Ak (2021) HIERRINERYE OWFZEENN & 5% D

Nakaya, T. (2019b) Interactive
geographically weighted correlation in big census data.

Abstracts of the ICA, 1, 372.

mapping  for

Tsutsumida, N., Rodriguez-Veiga, P., Harris, P., Balzter,
H., Comber, A. (2019c) Investigating spatial error
structures in continuous raster data. International Journal
of Applied Earth Observation and Geoinformation, 74,
259-268.

Wheeler, D.C. (2007) Diagnostic tools and a remedial
method for collinearity in geographically weighted
regression. Environment and Planning A, 39(10), 2464—
2481.

Wheeler, D.C. (2009)

penalization and model selection in geographically

Simultaneous  coefficient
weighted regression: the geographically weighted lasso.
Environment and Planning A, 41(3), 722-742.

Wang, D., Yang, Y., Qiu, A., Kang, X., Han, J., Chai, Z.
(2020) A CUDA-based parallel geographically weighted
regression for large-scale geographic data. ISPRS
International Journal of Geo-Information, 9(11), 653.
Wolf, L.J., Oshan, TM., Fotheringham, A.S. (2018)
Single and multiscale models of process spatial
heterogeneity. Geographical Analysis, 50(3), 223-246.
Wu, B., Li, R., Huang, B. (2014) A geographically and
temporally weighted autoregressive model with
application to housing prices. International Journal of
Geographical Information Science, 28(5), 1186—1204.
Yang, W., Fotheringham A.S., Harris P. (2012) An
extension of geographically weighted regression with
flexible bandwidths. The Proceedings of GIS Research
UK Conference 2012, 79.

Yoneoka, D., Saito, E., Nakaoka, S. (2016) New algorithm
for constructing area-based index with geographical
heterogeneities and variable selection: An application to
gastric cancer screening. Scientific reports, 6(1), 1-7.

Yu, H., Fotheringham, A.S., Li, Z., Oshan, T.M., Kang, W.,
Wolf, L.J. (2020) Inference in multiscale geographically
weighted regression. Geographical Analysis, 52(1), 87—
106.



