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Confronting infectious diseases contains two major aspects: preventing epidemic
diffusion and evaluating spatial accessibility to medical resources. The former is to
control the influenced area; the latter is to protect residents’ health and lives. Moreover,
understanding space-time process of epidemic diffusion is critical for these two aspects.
The three aspects are related to almost all decision makings during an epidemic;
however, some methodological shortages exist. First, to understand epidemic diffusion,
a systematical classification of evolution types of disease clusters and a method to
automatically profile location and time of every type is still lack. Second, to prevent
epidemic diffusion, containment zone is the most severe approach used in an extreme
situation. A containment zone is usually formed by administrative districts, yet it is not
effective due to the neglect of human movement properties. Finally, demand for
medical resource may vary over time based on severity of an epidemic, which result in
spatiotemporally dynamic accessibility, yet such dynamic is still neglected in the
literature These methodological shortages may generate inappropriate results and thus
negatively affect decision makings. Therefore, this thesis developed the following three
new methods: (1) MST-DBSCAN, which can automatically profile various cluster
evolution types, (2) HuUMoRZ, which considers the regularity of human mobility to
delineate containment zones, and (3) Epi-RA, which integrates evaluation of spatial
accessibility with simulation of epidemic diffusion. These methods’ feasibilities are
demonstrated through real case studies, and they have also been published in
international academic journal or book, which further proves their contributions.
Keywords: Epidemic diffusion, Space-time process, MST-DBSCAN, HuMoRZ,
Epi-RA
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BR A ) vdyy REKE Ro] BERFZF OB BN R T A (X R
BRI AR ABEFERRAL) vdy RAT FRAPRE S AL F PR

qﬂ?ﬂ«}myg o F] 0 R; TR A EEREHELT R F e Ta- A

A M BT P E TR RF L EHE BE R R RLF R g
0 X one 3o
- . Siefanssco) P @
je{dij=do} je{dijsdo} z:ke{dkisdo} k

Ay FRAB FIOZET 24 S BF K35 2SFCAF LT R fh er L)

Bz gt E N RS RRB RSO OE LR B2 S AR L E51 4 T
A N HEAOR R B R gk P R ET U ERE R
2 4e® 2 (McGrail 2012) » Wang (2020) 1 #c5 2 5 4o ¢~ 82288 7 2SFCA
BA A ﬁ}u%!ji% #-4] (Huff model ) ezt @ g #* o )b » @;’;Jej + % 12 2SFCA
AR LIEFV R Mo &3 & F 0w 2SFCA 5 R AR F A g B o

BRAR2SFCA £ 27 Z P 2 el A A7 4 > 00 3 2455 5 s 4
2t (McGrail 2012, Wang 2012) = 5 2L » gt 3 2 = A% A (dj <dg) 773 54 %
F P B [ pucinc b o @ ik 0 N R ) B RS R ot B o IR A
PO g B P g R BRE B SRF 2 B DB B PR § D IRP B BRI 2k
v prn ki€ ERPE N enic@ g2 FPFEOT 2 BEAEF K (McGrail
SRS

2012) o %= > B B ELEE2LF

bo

A T Bh2 AR B Rk 7 A AR
L (dy) o KA o B R L HER B R F L e S TmEF A A
PR L s F o 1 AR N A arRiE S A R RSk (Buzza et al
2011; Tanser, Gijsbertsen, and Herbst 2006) - #]y* > %—ﬁ;g‘ FETRRBRED
BARE R A B R e BN AW B A B kR T A Y

(McGrail and Humphreys 2014) -
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AR WAL T E KRR RN VO R R L g O F
¥ % {+ o Luo and Qi (2009) # ! Enhanced 2SFCA (E2SFCA) 3] s+ * Trr g
3 R HUER S SRR R R R B A (BEALA R ) d ] 3 AR
AR RlaEF B R TABEA D X3 ) g R F P EERIER ik
o Ra o BAFEAGEERER SN D RRRIE N H I FAHEE R
BEHPN EERIER TR RS BRASER €3 2 BERF RinafEE
7% £ (Delamater 2013) - F]¢* » Dai and Wang (2011) & PRz = BI N £ % Pi % R 535
( Kernel Density Estimation) & 3¢ Seqf a1 id 3] | ehpedpilifsc s o 3 #47)

fm t 5 KD2SFCA - B 3 B+ 7 7 Ip JEMILF St e & o

2SFCA E2SFCA KD2SFCA
1.0 1.0 — 1.0 A
| —
1
0.8 - ! 0.8 1 - 0.8
[eb] : [h]) — @
> 1 > =
@ 0.6 | @ 0.6 @ 0.6
> 1 = —_— >
= ' = =
()] ()] (=]
o 0.4+ ! o 0.4 — T 041
= | = _ =
1 1 ]
0.2 | 0.2 1 - 0.2 :
: | \
0.0 —_— 0.0 —_— 0.0 - —_—
0 10 20 30 40 50 60 0 10 20 30 40 50 60 0 10 20 30 40 50 60
Distance Distance Distance
B 3. 7 FIEREF I MET L
Vﬁp__. ﬁﬂﬁf%ﬁv@}m(ﬁkm;\-ﬂ\)mﬁ,b— £

% & : Delamater (2013)

Y- 36 oo MAFHIREF A AL a2 o Luo and Whippo (2012) 5 2SFCA

BoAl4e b 1A IER KA RS B ERRF BE RBOEER S 2R

Fi
oy
131\7
-
k0

= Variable 2SFCA (V2SFCA) - % — B if 2 8 & K5 B & & BRI §
B3R s g - TE DG RA TR (AN 1Y PR ) 0 T AR A T R

G R RBLIRIR R FMAL 5 RS 0 B FIE § A 5 g KB o F I BEERA
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AFERE RE BT RBEDELT R RE (D58 2) QFEIAAPHE TLE
A R T RE KRS § p B+ o Dony, Delmelle, and Delmelle (2015) 2%
Ao BRETRKEDTREL G S N AR E A A IRBRA PR @
POV IR RIFFAFF BEER T TR FEF - FET e 57 i f%ﬁsﬁ\f
TR A 0 A b 2 FaiE A BB o nr—g #3787 0 & 5 Variable-width
FCA (VFCA)

£ BEHLER S IR & ) e 2 vh o W 2 gk 1L 2SFCA

AR AL T 4e 122 R o g 5L Delamater (2013) 5 2SFCA 4~ 455 % ZiE R 2

Biv T3 - BAFRRED AP TG A LEHSBRIEFENY BRI
TP~ ¥ 7k o F1ot > (75 & 917 Modified 2SFCA (M2SFCA) #-3] » & 2SFCA

AT 0 PR - BB Rk o JR R R T 2 2 S e
% o Jamtsho, Corner, and Dewan (2015) i&- # #- M2SFCA HRi% 4 ] ~ /| 3% T3t
FiEF AN R R E BELRGAIRBER LN 7 BEATNE RE FF 2
7rFR e ATHCAIAL 0 & 5 Nearest-neighbor M2SFCA (NN-M2SFCA ) - ",4rt gz ek 5 Jin
et al. (2019) 45 ! %g:ﬂ;%@ug TR R &mf}? SR 2 BFent B F
AT | %51‘% D Re PRARARIT R He e B X 0 2§ %meﬁﬁizz»qrﬂf]ﬂ ¥R H 3
fLid R RIFT o Ft o 1F 5 3 017 Hierarchical 2SFCA (H2SFCA) #:-3] » 7
k@&ﬁ%@aﬁjzkﬁmﬂ%@%+ﬁ&$ﬁﬁﬁ&o%ﬁQW%Eéﬁa
%%%k@&%%?%ﬁ?iﬁiﬂ’ﬁfﬂx%%ﬁﬁ@ 3 Nk E &R
PROEETRT 2 Mo
¥ - * @ > Wan, Zou, and Sternberg (2012) %5 2SFCA #7375 3 f W%k en

AL F1i 25— B RMTEF BPRRELZE BEF ROFTRE RET AL

34

BH o GBERPRIE > @ 3 % P R B e RG22 IF—‘F{ EOEAES

1h3 8- BRLRBOELE f . ¢8R ZRE (2810 hha) o 3
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7O R R i’F-‘ﬁﬁﬂ’. 7 Three-step FCA (3SFCA) #-7] ¢ #-3] &g * 2SFCA
POHCAI B FT R ™ S - B R A RS By g RE o RRE SR

AR WAk T A AF W FLEE 0 ARG H BT SR i eniE
3 UFERE BE 2 F REF EREA L 0 WL F RWEDR JL - Paez,

Higgins, and Vivona (2019) & - # 4p &) &6 K & » 15 Gdf iR AL TRl G A

o

49 % 24 3SFCA et 4 F 1B k #-5 B B 2% % chiE 8 3 R A fe BT eng f 2t
Flpeo T H R AT - BAE R R FAILE SOUE e BRI AL B Y 3F
% HpTE R R LRI F ) (R R e ) fopedait 550 (3
@A) o AU o S gk id 5] M2SFCA ok o otk it aA 49
Pereiraetal. (2020) #- = Balanced FCA (BFCA) #:3] - @ » Wang (2020) 3% & I
P EREFGAILE PR R LIRGR L TR Z RV R & A E B
BT RRBOF SRR AT A R IE3 2R o

B2l R R Y R I ;‘i%?&?{% K Pe3E (Primary Health Care )
NE BT A M bldel B H’L’r%ﬁémﬂ:cié_ (Luo 2014) ~ %F%Jﬁsf%ﬁﬁ:i (Delamater 2013) »
A2 L;J% PR 2>t % B (Dai and Wang 2011) 2 2_2> F] % = (Dony, Delmelle, and

Delmelle 2015) % # i 4 EFihehZ BFF 2 o d 30ig FORBST 2 hop F 25897

FOREA s T - B RSP ADTIRE R < § AEDP G SRR
Boof b PIRRAROS R o FREE S 7§ A IRRRE ST RT B T

EEE R S RS S e T L L LR S R S E
e 2 Mz EFmRgtadr FIa 2% W 2BV 2 Bahd & 5% (F
T E A T R AR G2 B B IR 3R R F S A e ¥
E kg ancga gt (Yang and Mao 2018) - F]t - Xing et al. (2018) & *
2SFCA 2477 fUg b % 2 Bl 2. 2 B ¥ 2 1478 2000 # 7] 2014 & % it - Huet

al. (2020) & * E2SFCA 2|37+ F ap s H2. 7 F ¥ % |4 2016 & 7] 2018 & e
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g1

% 2.FCA i 7IH7) KT

1@%

B3 EAE | RIE | LR | R R SR  pr
B4 | S
2SFCA | AT = £ W. Luo and Wang
(2003)
E2SFCA | Bl & | FFE) -l W. Luo and Qi (2009)
KD2SFCA | Bl& | .§3] Ed Dai and Wang (2011)
V2SFCA | i¥% Fe B3l E W. Luo and Whippo
(2012)
VFCA | %% I Al BEZ RE LAY | Dony, et al. (2015)
3SFCA | & | Fp &3l ELIE AR %Wﬁ Wan, et al. (2012)
BFCA | Iz & | FFE |8 | b PR 3 Ry Paez, et al. (2019)
e I fo i 30k 1 AR
M2SFCA | Bl & | i 53] £ EHH | Delamater (2013)
gk o R A
B
NN- | 8 I il T ARIT L8R | Jamtsho, et al. (2015)
M2SFCA 7 fgl e g
CB2SFCA | A % P Bl Y2 HHF 5 | Fransen, et al. (2015)
H2SFCA | Hl= | & 51 TEFHE T HE | Jin, etal. (2019)
R
ST-| A& | &3 " GPS Ft % £/ | Xia, et al. (2019)
E2SFCA A v o
R e g 0 FEERIEFTEIBELINA 0 B S LA P
e e i o DI BT o Fransenetal. (2015) 3G F B REHAIF RS

A3 5 @ B> 2FSCA | erpr 3 +

G e g EIE R

S AAA T HNE T

.ﬁi’%?ﬁﬁmm%TﬁxUﬁm4W4#°qU“'F”%lcmmmwmwd

2SFCA (CB2SFCA) #ic3] » #-

I 2R

S 3 2SFCARCAIS ¢ o FE s R M
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BANF RS GEWZRET 2 PSOPE KA > B o5 %8 2SFCA4p L 0 B A
FEFE 9 A frRBNFTRE R R EL- BELSHTFALF o Maetal (2018b)
e f RP B REREZF R E A A § - A PR FS T RRERFEA D

BRI A AT TT AL AR g o T iF¥ 11 3SFCA
WA S AR ST TR R TN RER R - AP DFRTRERF

Az i oo Yunetal (2020) @ * S FAHAEOE E A KA X 2 )

Bf o % S0 o g e 2SFCAHCAI A 49 403 o R LT chz B8+ 2 2 - Xiaetal. (2019)

\_1-'

B % 7 Spatio-temporal E2SFCA (ST-E2SFCA) #-4] » 45 fe GPS 37 =3 42 > *ﬁ
FEER AR ELR G A E BHRET IR N A 2 2 R LB LB

Bl b 4 o Bk -
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»
&

I
s

HABIOACFZREINN

311 =3 %R

FN
s

e g T A ERY S Eep RS ) g T oy kg d -
FRAPACH R A 3 R ERL TR A NS LB E R AR AT
TR AES o R BRI S Y SR REL R D ERZFF )P F

iy o Jfﬁiﬂéﬁ?élf’d ;X

(dm

mAn % B m3hiE (Kernel Density Estimation, KDE ) 4
fepr Bohend Bk H 8T R F&A ® = 8 {oi % 1+ (Bailey and Gatrell 1995;
Gatrell et al. 1996; Sabeletal. 2000) - # i KDE g %+ F st A2 b *& % ¥ 4 # B>
BRFEAREER, FadhBEh'e AT A7 PR BFaL R o Fpt itk 2
TG R FERRE BERE OGRS A > L BRI B o f B
x5 » B2HEERLFLEIRps S A B ER T IER o dopt— ks f & E

miR e E B B ERCOR BT AR BedRie Y e 2 AR R e o
£ H o THBART R AFRY R T - BARER R R L FEE- K
PRR A g i F K & serg ¥ ¥ 3 3F (Chan and Johansson 2012) - # 3 2_ »
AT E R b2 W#;mﬁlﬁ”ﬁﬁ’iﬁﬁfi»ﬂuﬁmﬁﬁiﬁmﬁkﬁ@
REpenE & 0 43 7oA ABIEM G 2 43 7 LSRG -

TERE B TS S

EN

FE L A I hE AT P
T ERFACTCEAR ¢ TN BAEERY B R S ) E D I R
PRTHRE - FRFAOPIOT AL N2 AR ERZIFORE A A B S
LIAEH o H - S FR- RFEZ R BRI R R DL BERF AL - A
# < $ * Density-based Spatial Clustering Application with Noise ( # # DBSCAN )
U S T L AHT 40 > FreniF B 2 4 & 5 Modified Space-Time

DBSCAN ( # # MST-DBSCAN ) - DBSCAN #75 # B[ 2 Rp|EHF 2 FF £
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A-w 4 P ¥ ggk (Birant and Kut 2007; Ester et al. 1996) » » = 5 # 7 I *
DBSCAN %3t £ engL3| 8 F 38 {7 4 3 4 47 (Birant and Kut 2007; Wang, Wang,

and Li 2006) » z@ /M ot = 2 g * 203 B F AL 5 g o o

312 B He T

LE N ke b A N R &

A2 BV R AT A B A R%R A S A8 b A& (Single pattern) o3
# 4] f& (Interaction patter) « # & 1% ¥R ? < BArfE Bl < ] % it gy i H -

FRG AT UG S RIS PR W T § 15 e

ReEOT G JFacdfh o TSN Biea AR RN DE B TRE AT
L e kR L B MST-DBSCAN i 8 2 eifim i 2 4B ek A e

FAd N e EFHBEOTE A FENGRE CR) TR

il
&=
o

c 0 ARSe S TR RIRE TR e s s P FII 6 Feh
Wp AR A N AT

® j&x (Steady' B 4A) 7 wBIE - FFA K AT ERE BEFR
gk fEqpit 0 TG P REDLRE > AFRADREFRLALR o

® #% (Move> Bl 4B) : ¢ “EHE > FHIE - 47 Rhir RORTE

She

TR R e A e LA PR R R SRR G R
B %43 % o

® =& (Growth> B 4C) @ ¢ B2 ® > FRIES « 274 F L5 »

‘i \”%BIPI °
® ik (Directional growth - B 4D) : ¥ < EAE o FERFE S o 2T

P}

RAP RALETRFRE  AFA P F T o FUETMTE & E 30

N T AN I Y
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® %3 (Reduction ] 4E) @ ¢ @A & FR ] o AT ARG ARSI &
NELRCE
® - 2 %13 (Directional reduction > B 4F) : ¢ B E > FRIE ] o £
BEAR R A R iR A T o R R R A PRI AT R oo
Single pattern
Interaction pattern
Center stays Center moves
(A) (B) (©)] (H)
Area e """" ;m:\
remains W
(©) (D)
Area
becomes
larger
(E) (F)
Area ,__\ B Now
becomes e v ] ‘
smaller : Q ‘v i { o
N g k oving
L A W e Future direction
B4 A ot 2 10 B RGH 1 A
- 25 A HAGZ TR RZEBIHALE 0 4 BEP T
® i (Merge: Bl 4G) @ § A BHEFEBHFIH - Vi § F15 4 kg RiT o
REFRGRGAA L G- B PR IR R
® L~ (Split: B 4H) @ § A CRAFER > T A3 2 Bk
By BB HEE S L P LSRG R ORACER
® L Amé (Split-Merge» B 41) :ptAlfidn- BEET L I ¥ - B




® 37 (Emerge- B 4)) :4rk w3 a3Re fri T 8 A PEic L A5
EN R =g7 s S #4:1,%% FAH B R E O EAENF AT R IR R

2.(0)- ¥ R ATEHF APICOERY 0 FFRARATE - BER

MST-DBSCAN ;% & ;2 4 &2

¥

%5 7" DBSCAN i# 52 R Z 8453 23 $8k ~ % 55 FiE LT (EpsS)
Frd | B8 (Minimum Points > 12 = #§ & MinPts) > a‘iﬁ&'ﬁ VL - R e
T FlSIEH R RTA S S A B AME PRI U - BERLGR

508 G S HRE o ARm o Bdew it ARG H - BT OG0 T R

+ £ 7 :ﬁ4;ﬁ,ﬁgﬂ.kﬁp%w~n€a\mﬁ%?‘*i (Timelag) ; #= Fuﬁiﬂxﬂ\b\ﬁ"‘f

B oengedpet > B PFRFCAR b R IT MR PR LR B EALR » R A
1o ¢ o Flut > Rk 4ot 7 A F Sl EpsTL fr EpsT2 > % % &% 0 5|45 pF ¥ i
BT RS4RI A ES A R AR SOARR B T (S R ."I#E%E?Fé“&%ﬁi@ﬁ
TR B B TR o "$ pezvh s 50 i@ DBSCAN £z ic i BiF B8R g B g i fodfic
WEAE 0 A &% DBSCAN eh= B4 (7igec s A w5 I FHREL S MERMG
T & VLR OMRITRE AR & 0 ¥ ¥ATFE 2 & ¢ 5 Modified Space-time DBSCAN ( 1
T f§ # MST-DBSCAN)

FACHHTHELRFTB A A AT BREIRYEF- S AEA
¥ RS ERFE S At )k F s BERE DY S Bods Bl 0l sl i
2R A S HE BEROF B BT Z TR P ARG R
BAEBREBEEAEM A I TR RDROE N LR BRI 3
K NP S T Iﬁ,mffia H I AR Y i [Iism XA E_% T M3 2B T A AR st
Aopavki o R BHRA BE A G o EPTRFOR R A 2 R T

- AR BBk N T RETEPFERF B P o F 58 B b
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w gb—gy‘i}b EAL R H R ’Hﬁ-lzg‘r%"?}]%m J B3 15 % — AR (7 A AT )I}usb;

-

P gcf,}]%mji@;}%_} BREREArIL bR ¥ - 25 o d %"}?;,m g - 4 B

[18

WV FRA TR MR B EA R BRHIRE 2T § -
HEFES P T AT BREFRREFLSER 3 P IERER AT S £hups b K

k- A AN FERAR AHY A 2N 3 RAE P FTHE L s o

D¢ = {pl t — EpsT1 < T(p) < t} 3

AR R AT U BERE DA A tPEDTHEE L T(p) A ) p et
BPER > @ EpsTL Gt RIS A 7 — Bk Gl PBERRF & & > 9700t — EpsT1™ ¥ 4
RS S R G R R R A bl TR B S 2 fEA L
B A Lﬁ% d13 (Esteretal. 1998) » £ %] 3% > Ester & 4 #1d% d1 e jE R A A D
ﬁ-%*p "EYER | SRFEOTREF AT e S S A PR R R4
i~ frdr B R B R R A o Ao AL W A R LR S
ek NP A LG B RPER > S @2 @ Esteretal (1998) 7 i o

% = B 12 :x DBSCAN 3R & § 4+ 428 B B 0% T &8 (718 22> & DBSCAN ¥ >
- R TR AEP § R AT EOT R 0 FEP AQEE ] Bk (MinPts) i&

R R RGBS P B (203) 0 HE G- BERY S sk

P e SRR B RS EES S A AR R (B - R P LY R B
TRAR MG o FRZ ARG [ OB T S LA B R A B2 B eDRERE ]
EpsS» kst je § AMS L o 25 o F 4 L IDp b1 § RF T g it s N fei 4 pr

Bk engif B HMTS SN 0§ NIRRT 0 TG - Bop ol ¥ AT & A LR
B e bl 8 4 0 3 & F A AR D I b B 4 T R R R R

H)EES SR 0 BIF T R RS I G RO T Gl R R R
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BV IR Gl E & H RS Pe ghe it m HROAH AT DI REe Fl
AFT LR A B Thens BT o R H e hiha b (2384, 2545

feWld) DAL MGBTA S TEIAE ) o

AT(,j) = T() — T (4)
STNBi’t = (5)

{j € D, | dist(i,j) < EpsS N EpsT2 < AT(i,j) < EpsT1n j # i}

AN AT AT AT i B | B B o &2 58 59 o dist(i,j) % 7 | Br
jEEeZ B EEEE STNB % % i BR A t PP T #idied cnfS B 25 % enf & o d 22AT(i, )
LA 0 for 3 %00 EpSTLoi o GIBRfr s GUBE2 B e B B 5 4 5 2
AT AT Jen R 2 i pER > ArrE G LR R B P
» FE %4 3 DBSCNA #& i+ =

ol 4T R AR - SR e

FRARYDAITHSFE 2 €35 BROEL M -

% 3. #k ~ 8 %+ DBSCAN 4r MST-DBSCAN ¥ & ¢ & 55

&4 H5 B e P R
1% 8L (Core) = MinPts X
1§ % 2k (Border) < MinPts q_
se21 2 (Noise) < MinPts 2
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Time

Neighbor of
Future . F.4 G4 . 9

Neighbor area
e O pOINt A
ES

EpsT1=2

I DQ!!
C2
EpsT2=1
A:1 . ‘ B:1 q

Past I EpsS

N
~

Earth
>

surface
Bl 5. MST-DBSCAN &pF 5 %8 2 7 &, B

Bori BELERAR S ABLA T B ARIT !‘?rﬂpﬁ—‘ﬁm R -0 3 AR

o

B A 4T B B LA Bk

B {4 — 1 12 22 DBSCAN 3R & &_
1] Wt

¥ ARAT R R R BT IR I 0 ARIT R TR
A BER2 B edRITARR 0 A2 R » 4 DBSCAN it {7 & #pF | $7 ik 35
SR BRI ARAR oK TR ,T} ¢

=]

,g“ﬁgll}é}””ti Oﬁ_’rﬂ:\;

DBSCAN r#8iT B 03 B4R 2550 F b cgif B B Ch g B 00 ke orrd o 2R 2 B TR R

i?{@i@ﬁ&ﬁ%@%#k%%%%@#iﬂj%ﬁﬁ%’ﬁé%Qi%i

ZATH % o FP > A% 01 DBSCAN & & 3 fART B 1% -

v

e

FRIVAEEHEROR §H 3757 5 4 B8

3%
B[P 4T (B 5)

1. ® #&pFz ¥ %2 (Directly spatiotemporally reachable » B 6A) @ % %5 BEp

frq- ok q AP B2 p A_g i g R
2. B3V

WE R pEIREFZT 2N

% (Spatiotemporally reachable > ®] 6B) : % %= BE.pfrqg 4ok 5
- RSk Sk k. k0 B ki =qf ky=p TR ki, EEE
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2T A ko V1I<i<no k€D RIpAFEZV 23 Qe

3. PFz 4pik (Spatiotemporally connected > B 6C) : %27 BEpfeq > &3 &
$3BKkEEpIrqEELT T Ak Plpfrqa Bk ix: s ipad -

4, FEpF%4pid (Indirectly spatiotemporally connected - B 6D) : % %% BELp
frq  FHas=BRKkREpfrqr e k@Eiipd o Bl pfrgz B %5

Fimzipd o 0 L& 5 AFLATH KD POt FRFRRETMYL -

(A) (B)

Parameters:
Timeline Timeline
EpsT1: 2
Future Future EpsT2: 1
G5 E 5 G5 E5 MinPts: 2
Y . ® e e
F:5 (ST A F:5 .
® \[EpsSy @ ® EpsSy @ Point Roles:
N . L.ch D4 Core point: ®
..... . ” . Semer . ¢ .
Past C:3® .B 3 Y Past c: 3: :B‘ 3 Y Border point: ®
i ¥ L i @
X AL X AL Relationships:
(e (D) Directly
- . spatio-temporal
Timeline Timeline density reachable
Future Future —_—
G5 Spatio-temporal
o density reachable
F: 5 Ry G5 E5 M:5 L5
, B EpSS s [ T [ ] ® [ ] . >
X F:5% "\ Epss S Epsy/ @K Spatio-temporal
. o . b A DA~ 4 density connected
Past SO e Y | Past C3® @83 30 @3 Y
“ v Indirectly
% L { @ X —®, HO1—I— spatio-temporal
AL density connected

B 6. MST-DBSCAN = f6 pF 5 #5835 % 4%
B (A) EfE@Z72 ~ (B) Fgw™
1038

2~ (C) mzipd ~ (D) Fipz

w4

Fperl b AFERE T BRITRE henig s> K32 4 4% DBSCAN + & i B &

R LAY I B R B D o AT R A AT

.-a\\

HE (C) |- BEHELEHRELTHEE

1. Vpgq €EDi>4r%kqeCr p Az v 23 q-RpeCe
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2. Vp,q €C rp RFEqQREEPFT PR -

1400
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0 Il---_
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Week of the 2014 dengue epidemic

> > D P D > > —>
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-
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o
o

80

o
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D
o
o

ey
o
o

20

o

B 7. g7 2014 & 5 2 £ B = ¥ ATE O bl

kit Az 2014 & AR EAS 2 60B* 0 %44 MST-DBSCAN

W LT R T R AR AR > X P R BHE AT BT RT S

P

B - RO RS 50 R P12 B AR el RS LEE

.

BAFLRFE SR AT S SPE - R 7 F (Kanetal 2008; Wen
and Tsai 2015) o & & #ps bl n AL & p GFL AG IR m F H1F BT o 3
7 13606 iﬁ;:ff?af}:].fsaérﬁ?:".mitﬂ\?‘m EBT T ;Pa%]{rp;: R o B 7 E %
e SRR R FTHROT P ITE o SH B E DR AN

2

K B EBE R o - B AR > 2 B R
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B 8 P Em 1 MST-DBSCAN fr KDE % % 17 % 3| § 20 % chA $55 % o
KDE thig % Bpm g B ¥ ahpf PR > 3 BRZT- EHFH G273 9w B
R F BB S AP o A MST-DBSCAN i %2 7 ivdh izt L2

o LR T E BEROPICT AL b t EF G A P R

<

Y

BFRF BEIIGEY A AERFARE o FRAFHE 1 KE 19 B
WoFE S AP P R A S ERF LA AR E RS 3 F I ATEROER IR
W R BEHEHRAG T s‘sz‘ua%-zm'rﬁiﬂt S PECHR F] o F]t o b A KDE >
MST-DBSCAN i 43 & R il Lomhicn Lo #p a H i $8 2 acps

T EAR o

Week 20 Legend
, :,;‘: Evolution type

Steady
Move
Growth
Directional
Growth
Reduction

Directional
Reduction

Merge

Split
Split-Merge
Emerge

Kernel density
of dengue
cases

(case no. / km2)
0.1-5
5-20
20 - 40
40-70
70 - 100
100 - 155
155 - 325

(g, |
0 2 4 6

Bl 8. MST-DBSCAN £ KDE 4 47 % % ' fi&
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gzt 047 aFZ0oir? c BFERMBELLL FE AT P o jhp
A i (Single pattern) == ;% 3F4c 3 » 2 3| 3 4] & (Interaction pattern) 134

FAAREDREFTRF LR RZFEFEFLADRDEHR - ROF|ZBED 5 &

.

E R BE AT “’VSKJEIE AP et oom AT 4 & 2001 3] 2003 &

\'n\

¢ & £ i+ (Kanetal. 2008) » 2 2 2015 & «% & #u + (Wenand Tsai 2015) % 75

i

TRR IR o 25 v R AR AT R R R A B AT 0 T3
SUFETRITE R AR ER T P AR A XD BEFF (EERAFEAFLE)

ﬁ%%vf—ﬂm’?%urfﬂ%ﬁ%ﬁﬁﬁﬁﬁﬁﬂﬁﬁﬁ%ﬁﬁﬁ’imé

B
PR E AT R AP RS P AR I X Pl PR RBESE TS
PER e T R TR AR AT B S BRI A IR T RS

A Al AT
bt AT 3B 3] EROR A P A1 L F R SR REERE

AT s AL B¢ Fm Al (Emerge) © FlG 5 - BATS] ERFRE

RS SNNAS R BRI U ST 0 i Y £ E A iy
Tt ) BN RSRAL R L o BEAARACE AT N FIEERT RO ERA Y 3 B E

*O - BEEEFRSSHEFOT .G L I REE TR NE B ERF LI MG
P=a5 {ﬁﬂ;i‘ﬂ‘ o g d B %{ﬁﬁi‘ 8 NA T 2 B IFITM A AR B
VIR T s E B bR RREE 0 2 Bt RE P A RDE RS o IR R
FEEHE R H T LH B gE e Fo Ty VoA B SRR G L o A7
WA B AR e A Y RS R OB TR T AR S B e AR
B Avplen— & R Fle Ft o A 3 o E MR B AR S TEHA T B
7 I & AT R p AR T S AL i § AF ok
B AT PhATH % -

PP R A R RS LR R kR S T
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22 BTy
2 7 e
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‘.ﬂ\.

AR
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ElRE

G

DR TR T LR R R Y B B R S

HRLE 0T 50 ARSI B e DR c PR A R IEfES B

R mpicE A2 o » B EE RN E OB E LT 2%
B W AR BT R R RS PR SR ATk op

R ER TN AL LR SR T RS R
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32 BEEF L EHHA
321 =3 ¥ R

B REOBEE AT IR IAAERE A VPR el B ERAF
BRI ¥ - 26 FARRDEFIF S LT FLARS BT
Rl v BB TR R e T AR AR OE EERITEA G S A RS
oo R - B AT EGE P B i} chf2 ok (Barberaetal. 2001) o B w2
Pyl B lEs Rom iS22 Fad ’}-’1@:}]‘;‘5@{—? B A~ % d A~ (Leeetal
2019) ; Xd > FAE BT S PEE R A ARFBABRNFRELSF 0 AHTRIEL
WA ACHERERLEREL DGR ST P BAFE C EFRA P
ST 5§ AR ez BlaR  NIE R A (Sunetal 2013) ; FRE S A
PERFEY I HEMBEY PR g 2 (Gonzélez, Hidalgo, and Barabési 2008) -

Flot o B dach S Hct h- R ahp WA EY N PR - R g g Hdapl A

Flhk p 3 A P ZFAL > Bdeid ¥ - 3 A E T 5 F (Schneider et al. 2013) -
Belik, Geisel, and Brockmann (2011) P 7 F £ &% 7 A v BE Rt » B¢ 3

EFHICTER  HZ 2 0 A EPBFRAELSFMET T EHBBREN R
FERL B DA T A 54T B PR E R {0 R R L (Fehik (7 3
fi}‘ﬁy,i% etk o

A FERT) ) AHTNP RS D EMPE TP NREES B ARLS T L
fer v BRAEME TFET - BATORZLSEFEE > &5 Human Mobility
Regularity-based Zoning ( #§ # HUMORZ) » * ] @3 RHC~ -] { £ 7 L f
#14 % o HUMORZ ;& & /# i% 12 Rosvall and Bergstrom (2008) #7% P = Map equation
Hh TR FRORH FIZE T BT LGB EHA T BB RS

BE L FT RGN A o
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322 My iR AT
d > HUMORZ &_ ** Map equation i& {7 /F & /2 e B » #7120 Jf LI §2 Map
equation sk AFEAL 0 A A F9RR fF A < chg]FT1E - Map equation £ - B B iE VR

B2 ok - BAESEE (A¥FEE R BTl ) - Mapequation T ¢

ek R EEFTLA  RF SEDBERE R2 A FLFEEREEFTL
EREsREE L L o o A E - e HE S 9L > Mapequation 3L 5 -
e M (Random walker) &t gh2 B 7 8745 & K pr R (5 97 A& 4 chfR
TR T ERRY EHF BB A - BTN FEE R

B¥E o RAhviE- HEP o & Map equation P ¥ E A T BEREN AR
HUMoORZ - = it ?}gkﬁ"l HBEREEIRp A PP AEY RS L
BB AP gz g Y RS BRI A L RART o b
AP TG - BRI ER g AR AP LA w AR E DR R
BB RS F o F1#t o HUMORZ 4%+ Map equation <4375 & BrFE 1 (1) %“ﬁ“é ERS
FI* PF MR EACIBRELET UE R ARSED ) (2) £HHE B E R fk
P BRI EN > T M2 o

A o6 R FEBEAN ARG - BEESEIT - BRI K

M R P he 5 -

pgﬂ = PaWap Z[I}C (6)

K
k _
Zkzlzﬂ —1 0

B oa EAFAE B ABE D o a p, TEWEHE BT b oa S
Wap RHTRHFHRE a 208 BT B niF 5 528 BAF kB2 # ]

A B LG A B o T Pawgg TR A a BEI B R EF A
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HUMORZ 41 #

B - e

Penz 85 B 9 * - B H iy

G kE

S B e A o

(stay in )
0.2

0.6
¥ (to other places)

(stay in )

0.2
( ? 5004
0.06 (=

0.2

}

0.270.2)

0.2*0.5)

()

—®

0.270.3)
to other places)
Land use Residential | Commercial | Industrial
type
Area
proportion 0.2 0.5 0.3

in 8

Arrow mark > > >

B 9.

AR A F P pew R W

BF OINBBFRLELLTLER

HuMoRZ ¢ =

R T =

32

T - @R=xp o P g RS

ER
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b

o BEB LY 0 ot HUMORZ i&— # 1 * % & (Entropy) % 4-%+ -

Boend B ALY G bk A B S R BN i ok 2

FEB o U Ep e %i)ii'%’gﬁbﬁ P A% B R

#F RS N o



k k
H(Z}) = - ZB @logz(z;ﬁ , B € the same communiy (8)

pk = z pgﬁ, o, B € the same communiy 9
B

Ao opk RASEBEHE TS H KR D SRR a0 LR L a A
TR T UERAN BN ONED o« fr B RARNE- BAF R
TP L ERRE B EBS SRR B Y BHEN R R T

oA e Map equation f1 A 4 s R e SREELS RRA RZIEFI €3 xR aund
9 F

T4

FhERA®I RS T LRI PP R B LR P R kR k8RR

Rt #Hagegy KBRELELF 27 2 TEFLEFFEf0 o w4
F- BAREKRSEZKBABOPES o £HE B E B HIMORZ @ * & - f
Pz FHPBEBES (pf) REHEHREY (HEZ))) &4 s #F > L4977

S P RS LR > KR AE B EBhE A REN o N 10 A o

R@ = pk(z) (10

AFE AL g > § IR() > R a R PBEEL L7 RES
@ % IR(a) ﬁ R RABE L ,é’}*ﬂ%i o Tt s A2 # IR(a) ﬁ;vi' LK H
&1 (Inverse-regularity) > @ B 10 ] * f§ ¥ cnfrst ¥ B 7 258 8 5] 254 10

LA e
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0.01 0.1

. 0.1
0.01 0-1\ 0.1 0.1\
To other zones To other zones

H(Residential) = H(0.28/0.3, 0.01/0.3, 0.01/0.3) = 0.42 H(Residential) = H(0.1/0.3, 0.1/0.3, 0.1/0.3) = 1.58
H(Commercial) = H(0.01/0.3, 0.28/0.3, 0.01/0.3) = 0.42 H(Commercial) = H(0.1/0.3, 0.1/0.3, 0.1/0.3) = 1.58
H(Industrial) = H(0.01/0.3, 0.01/0.3, 0.28/0.3) = 0.42 H(Industrial) = H(0.1/0.3, 0.1/0.3, 0.1/0.3) = 1.58
IR(cx) =0.3*0.42 + 0.3*0.42 + 0.3*0.42 = 0.378 IR(cx) =0.3*1.58 + 0.3*1.58 + 0.3*1.58 = 1.43

Trip purpose:  Residential N Commercial Industrial N All -

>

W 10 REEERT LW
At e (A) P P VR I E B ARWRERTP DA BERRE a oGP
FEenp ek o #trigp gt (B) o (A) 9 IR(a) & o] i

B s o B B E BRanzE LM A Bicde 5 0 AR 1S £ 22 Map equation i & P R

X s > TP HUIMORZ 410 5% » 4o 2 11 -
Lp(M) = L(M) + Z H(a) (11)
a

o b iE o HuMoRZﬁ%}ﬁ Map equation 45 fFen ez » £ W F 43R * 3 Fap

FORGERE B A Bk ki o F1t 0 HUMORZ & A2 &) 255 11 ¢
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Southf .o -~
Korea= Population density (km square) [ | Traffic analysis zone N
Japan (TAZ)

v ] 25-2758 _ @
China - - River system
: 2758 - 11215
Study area = _
- 11215 - 23148 Altitude (m)
Taan B 23148 - 38083 || Minimum: -13 0 5 10km

£ Philisppines B 38083 - 89889 Il Maximum: 1705 L1

W1l * SAMERATHAELST

M= PPN T T EE A ;ﬂt—}gng‘& TEPT % (0@ 11) » i@ F
7% % 136257 T3 ML hg IR X 63 FhA v b PE o Ahy BB 2
BAF fox e aua b FE > Al HUMORZ i% H 2 &7 F 414 R4 o F 4
2RI TR R PSR R Y w3 2012 E R BRI R FORRB A TR
PR ZBREEDA AR EFAT R RN A AR T g
PR A ST R T A SRt BEGJF P e ReD A S1E B (7 A fosR = B oehe
BAPSRTREY LG T9EA R B R T - 3G 0 AT HBEE
FLR T DA FHAE AT 20008 A AR L SR T AR g R EA
@ﬁ%ﬁﬁﬂ@iﬁ%?Jﬂfﬁm%i”’ﬁﬁJﬁ%TNQEﬁﬁ%%@ﬁ

B ARz FaaR P B FTH- Reoizh A v B#anf
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’\?‘CI«L

L

o
)
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Average daily flow amount
(number of people)

100 - 250

250 - 500
—— 500 - 1000
—— 1000 - 2300
—— 2300 - 4700
. TAZ

[] Containment zones
from HuMoRZ

TS - ﬂ,;rzg % 34+ 508 I # e il &4 45 % (Traffic analysis zone,
TAZ) > F41* B HEA A HF RGN NPT NIz B TAZ 3 H » TAZ
P FHBEETRE (B 25T BEATEHELAE) c TAZhi &3 8P 3
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FRREBTAZAA v A B LR XA 5@ 4B ¢ SfelBenA v RART HE
AR iy " TAZ 2 B F MBS i L AR o R SRS G

498 B TAZ » @ Bl 1IAZ T v Pz AT NE L pi v B R -

323 L F R
At babend v Bdefed By T ABFRaE Y 2 4498 B TAZ 414 &
2637 A% (B 12) o AW 127 R * k3 A PSb ARl

Fh-BArEp 27 ABBOL FEEPALHET 00 MBS E R -

(B)

N
TAZ [ ] Zoning Boundary 0 5 10 15 20km
River L | I | |

B 13. HUMORZ £ Map equation A 47 /& % 1t #i

B 13 #7 2 gr HUMOoRZ i & 2 fe G 02 2 L Map equation ; & .ﬁ

E AP EFE G A ESEREN o J 20 Map equation £ ¥ g i

(g

SEEREIE SRt |

3
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Wb F A RS

- BHE-FESLE

-

A

2

e

SHTERD P RS g

5B TAZ ; @ B F A TAZ e £+ 3] 2RH

R o tpkz T o AP HUMORZ % 8 i &

CIPE LS B E L T @g%ﬁwa,a;a

(A) Low quarantine level

100% A k
Zoning mode . ;
75% 1 —— Without regularity Mean epidemic peak
50% 4 With regularity . ...ccooieevnnnnninde
— TAZ 1 :
25% A 11
b
0% . : : .: Mean critical tilme (Mean CT) .
@
Q
§
= (B) Middle quarantine level
2 100% 1
(9]
E 75% - Mean epidemic peak
B
3 L e P
g 50% 74
S 25% - ! i
Y 1
g 0% . . : . i Mean criticalltime (Mean CT),
=
o}
Q.
o
a
(C) High quarantine level
100% A
75% Mean epidemic peak
50% frereersorrsasansennnsnnansssanenannrnsasasannnnsssibofofannnss ¢
1 I
25% '
1 I
0% . : ” . i Mean cri:tical time (Mean 'CT)
0 10 20 30 40 50 60
Time (Day)
B 14, 7 I § #1142 R 2 & st i)
27 %P HUMORZ j& & 2 %74 4 e T aw 59 7 2k B 34T N2 1l b ok e
AR 5 W% 0 £ 2 01 SEIR W A g 17 B SR AT e 7 R RO G

lmﬁ_%’éﬁ:-ﬂ!] fj_y‘{i “f‘f’fﬁ:‘ B) , L ﬁ'&

7 e A F N a4 o d 3t Map equation £
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RS ERFERD PSP R AR ATIUT LR S B A R R :F"-?
F(B 13):a & B TAZ Fla A& anfd s 7 0 1 5 ) %304 3 soant 8 4520
I HUMORZ j# & 2 cha it % 2 & B A BHRF A | 201 b i RN ZF o
ot % (B 14)E T HUMORZ eha % 7 02 { F 2ad R B £ Ffcad B F
FEHE GNP HUMORZ A i Mg i A A RN ARG K G
43 o AE R L BT (B 14C) > HUMORZ 4~ % ¥ 14 4f 3 5 8 4 #1317 —

oW 158 - A i B R FREARR(- BN DR fm L
AN B ) U R ECERE (L RPN - XA BO R LR ek 2 CT fR3e ) o
%% ¥ HUIMORZ A~ % & 7 & M AN @ frdat e CT PP 8L > %‘«ﬁt“‘éﬂ/}

FH AT U FE AEAFTADPERAFTREIE PR R EERFFE DR D

1e6 (A) (B)
= T T : Quarantine 38
< 57 S 5 level 36
g * I Low
E 1 L B Middle [34 &
c B High g
% 3- o -
©
S + | 1 30 3
3 T ®
227 | Lo O
>
=
§ 14 . . . - 26
< . *
O— T T T T T T 24
Without With TAZ Without With TAZ
regularity regularity regularity regularity
Zoning mode Zoning mode

Bl 15. AN = CT & 78 4p {h 2 dcie & ELE 3

*#h < HUMORZ & & 72 +“ 4= Map equation % 4 & 7 4 ¢ B & iliE g
STLF B AT LA A E S IRARA NS D o R B E o e @
EBILE F AR E 41 %S A | avhit (Barberaetal 2001) - % A4 F £ 4 £
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A AP d BT E Y R AR R @]—‘F%iu#ﬂ::f{ﬁﬂ B9 ek
40 COVID-19 £ 5 > B H5 2 # MREIF]) 5 suetl ffodl R & ¢ Rap k3
oo g oo ? RS AR G R s P :H&é:}dﬁ % (Kupferschmidt and Cohen 2020) -
Y- 2w o) AR TR Rm R R R FIS RS B TS
- f?iq‘ééfir‘?ﬁﬁ& ERHAII Rt BRBEA EARER A i g e
% W COVID-19 £ 4 ¢ (Parodi and Liu 2020) o F]pt » A ens F < o &
- B RE R AR T H R g o

BRCH & B COVID-19 A 1P » & A 1B 5 5 1B o B 305 2 F L
# IR 8% (749 B ehb A 4525 (Indolfi and Spaccarotella 2020) » # Fc <k
Jo ¥ i A H B Al jT%:;#%wg CEREPR g A Bk A EE (Auzan

2020) o fipfdfi)T > HUMORZ 1A T 058 ( 7 48 2 s2ehfz s o d 201 s 4

g;

S5 HT 7 HUMORZ ¢n4 % ¥ 1 e (A4 HP PP AR 'S MR 4 A dc > e PFX ¥ 0 af

BR N R foB e BT B o BT BN R SR e A A R B 5

E%‘

K#Epw G FPAET R - I E L KERE i 4 B (Desjardins, Hohl,
and Delmelle 2020) - F]¢* » & 2 & * JIFc B HUMORZ i# & 2 & T 7 B A & 2R
B0 SRR R A I R SRR P R 7 4 SR R A
fopk A £ 7 ¢ £ TR 7] e o

£ COVID-19 # &2 W@ N4 3 5 b g 2% - by @@z ¥ %
FREAFLEE Lo FAREORT - 50 B NELEDBRE 0 FHEedE
MR E R FIRE T L RPN e o BRG - Lehso R EFATEF S F
FO2EAry BIRE A 2 il B e By f PR o AN RF] ) ARG
HUMORZ i T it 391585 fRAR AL o d 20 B2 A L4 £ 7 A v ez
SRFEL FRRR O AR A fARR AR - BA TP RERAERT

FHRET URENFT BERGHE R SRR RST LA T LR R T
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33RFRTRLERTZNE
331 F5 ¥ R

WWAMMNEIRET 2By A A

‘%Y*

FREARATIRET 2R F B R DOF R
FThe A2 M T2 5 B8 Fhg REFREBERK S FALD Feho 11X hiTe
WA Bl G 2 peflr 2SFCA PRI A 474 =k (Taoetal. 2020) ~ f R IR 47 5
(Kimet al. 2020) 2% *c3ks % (Pereiraetal 2020) & ¥4 Fihehz B ¥ 2 {2 &
LB R LS FEEA T HARFHEETROZLAT A P (Guida and
Carpentieri2021) » 2 @ » Bk eER X 2 * %0 - B 6 HELILBAT <P
iR o
Fa AR BLRS LU T et R e T L Rl N S o ER
A E R T RF R Y @R A AT K A AR (D)
AR ARk e BRSNS LB R GAVER 0 A 200 A RNF R L F R T
RE-F R TR bl ted A S L s s F o Pl o R i - B
BE GGG BASAFRGIEE A R EEE RIS ROFRT

MR AR F- HRET AP (2) d NG RLK N P RS LF b h%

v

Homipn BEFOL R N

i

FRFH B DB Kk - BE RETFR

TR RES RergFE T A gH (Weissmanetal 2020) > i+ i = 7 2 Lo

BEARITHE Rw § YR EEIITE RV 2 LA gt > gy AN
A E PR guE a2 Ry g irsldzany 2 it (Huetal 2020; Xing et al. 2018) ;

BFE BB L kg foa R T ER Mha- 2 padEgr (Xia

etal. 2019; Yun et al. 2020) © gt ¥ greha 47 & AR G L R Pl RS

A RRE A AN R ) > ST A R §F 8RB SR

YRR DEEEN S S R RN L RF =8 2 EaTR PR SIS 278 I
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FORAFRERNFEFEATIFAFRFTRIET 2 L2 PR R0 -
APz BT o AHFRET - 26 L5 EpFRAGEE RN WAL
FRFRT 2 325 (2SFCA) & £ i Acickt (SEIR) hpF 2 b "6 4 47 < R4
FOBCRR AU R A0V A BRI BN S F R TR e R
LHCEREALY > 45 2SFCA AP HA e F BT BT 2 R 0 T F i
FIAREH BT 2 BEH2 F oI F B G { ERE I BABEFY T
PR FRT AL AP R LRI R 2 s R AT R
A FR TR L LR ER ALY TS F R R B S TR R B
ERERFM AT H AT AR L XREERT DB R o Ful A AT
FHULATETFFIABREEF 0 B LG ok B A BT e
(Heetal. 2020) - fe P& > &3 WP EFT T » B GHRFTRT 2 (48 Ms g =

FRE S RRORS eh R F]2 —  (Sharfstein, Becker, and Mello 2020) -

332 @y RaFR

Aim v 2 Epi-RA 3] chZE fE Bl4c B 16 #7on - 5 £ > % Gatto et al. (2020)
“73% N SEPIA 53] > A BIFR SR et iR A S S B DB R (S) v &
#(E) ~#pmw (P) ~E (1) ~dmgpar (A) ~#g (Q) ~E# (R) »
#2 (D) ed R G PAARE BREROEAEE G B HES L4
A BK NG ez BRAERORRE A R FTE LR RGEA T 2
BRAEEAE A IS AT AN AT BRI RE S A ez BRED
AgS TR g T RAEE RS B A ek o AN s e 1t T30 2SFCA
A TP HEF TR E BRBRLEBETRTOERT AT Z L G TRV 2
ek REFT - BERRORERE S SRFHP D AZ BRI

AR F OB R BB ET 2 PR R > A KBS T FRE P
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B o Tl EPFRAER B 7 1 £ BT R B3R fek MRS B 2 W ehgfd

Epidemic dynamic process________ . ______._____...__

: A ;
; Si(t) Ei() !
E 0 5
! 1-TP(®)] -5 p [1-ZP(@)] -5 (1-p) E
: it [ ) Pit > A :
5 7 (1) :
' () T (t) :
: Loz e l """" l """"""""""""""" L ZA®)] - s :
: Di) = Q) e Rt E
i Th-TA0)] - o LT -n ] =
Resource accessibility . ________

DEMAND(t) > SA(t)

Bl 16. Epi-RA & £ 155 7 1]

A TR PR S

PAhe bt Ame B BER T g FET (P) ~ £ (D) ~Egs mu

(A) & = BrEg R * % KA E B FALTBERRETHE RE (S50 12)

DEMAND;(t) = vpP;(t) + v;1;(t) + v,44;(t) (12)

He P~ L) fr A(®) At A TR R A tEFRT P I ATFERE 4K
TR vpv fruy MIABRAZBHEEATF SO bl e AT R o A
WA R KR E o A i@ 2SFCARCA| K R F B BT 2 BEAEEG(D
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;4 13)

S f(dl])
§4;() = Z 4 3, DEMAND,(t) f(di;) (13)

Hoe oS A JELR AR ENTRER S d; CA IR Rfo] BERBLE

SRR f(dy) A S MRS R AR T A A o AR ) TR

ot e (f(dy) = dif?) + T15 7 Lo et & ® e B 5 (Kwan 1998) -

B2 1240130 kih v M fHEs L & F| 2SFCA AL E ¢ o iR e 2

IRT T S LT I

H TR AR 5

F BT Ve =F B L %R TF EEAR > Ep-RA (B ST

# H_A " Gatto et al. (2020)#73% 1 sh SEPIA f-V 2 7 B (258 14)

as;
dr

dE;

—2;(t)S;

— = 4,(t) - S; — OE;

dt
dp,

— =0-E —{TP(t) + [1 - TF(t)] - 5}P;

dt
dl,
dt
dH;
dt
dD,
dt
dA,
dt
do;
dt
dR,
dt

=[1-T/®] p-8 P, —{T/(®) + [1 - T/ ©O](a; + v},

~=THt) I; — (ay +yy)  H; (14)
=[1-T/@®)]" a;l; + ayH;

=[1-T/®O1-A—p)-8 P, —{TAO + [1 - TADO] - va}Ai
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Characterizing Diffusion Dynamics of Disease

Clustering: A Modified Space-Time DBSCAN
(MST-DBSCAN) Algorithm

Fei-Ying Kuo,* Tzai-Hung Wen,* and Clive E. Sabel

*Department of Geography, National Taiwan University
"Department of Environmental Science, Aarhus University

Epidemic diffusion is a space—time process, and showing time-series disease maps is a common way to demon-
strate an epidemic progression in time and space. Previous studies used time-series maps to demonstrate the ani-
mation of diffusion process. Epidemic diffusion patterns were determined subjectively by visual inspection,
however. There currently are still methodological concerns in developing effective analytical approaches for
profiling diffusion dynamics of disease clustering and epidemic propagation. The objective of this study is to
develop a geocomputational algorithm, the modified space—time density-based spatial clustering of application
with noise (MST-DBSCAN), for detecting, identifying, and visualizing disease cluster evolution, which takes
the effect of the incubation period into account. We also map the MST-DBSCAN algorithm output to visual-
ize the diffusion process. Dengue fever case data from 2014 were used as an illustrative case study. Our results
show that compared to kernel-smoothed mapping, the MST-DBSCAN algorithm can better identify the evolu-
tion type of any cluster at any epoch. Furthermore, using only one two-dimensional map (and graphs), our
approach can demonstrate the same diffusion process that time-series maps or three-dimensional space—time
kernel plotting displays but in an easy-to-read manner. We conclude that our MST-DBSCAN algorithm can
profile the spatial pattern of epidemic diffusion in detail by identifying disease cluster evolution. Key Words:
cluster evolution, DBSCAN, epidemic diffusion, geographical visualization, incubation period.

WATIRAL G A2 R, 1 52 B 1) 3 70 (0 9 M Pl DA A 82 s 2 R R A 1B R 2 6 7 v o
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() FH BRAE T 37 B m] S5 PR 5 v —— AN o R AR e 2 3 R L I P e ) 5 ) B 7 (MST-
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DBSCAN i H LRI 45 R, KA R FE AT AT AL . [ 2014 45 LR 0 2 e = 0 80, L RAE 1) ik 1
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La difusién epidémica es un proceso del espacio—tiempo, y el exhibir mapas de series temporales de la enferme-
dad es una manera corriente de demostrar una progresién epidémica en el tiempo y en el espacio. Los estudios
de tiempos pasados usaban mapas de series del tiempo para demostrar la animacién del proceso de difusién. Sin
embargo, los patrones de difusién epidémica se determinaban subjetivamente por inspeccién visual. Todavia en
la actualidad hay preocupaciones metodolégicas por desarrollar enfoques analiticos efectivos para resenar la
dindmica de difusién de la enfermedad en concentracién espacial y la propagacién epidémica. El objetivo de
este estudio es desarrollar un algoritmo geocomputacional, la aplicacién modificada espacio-temporal de agru-
pamiento espacial basada en densidad con ruido (MST-DBSCAN), para detectar, identificar y visualizar la
evolucién del agrupamiento de la enfermedad, que toma en cuenta el efecto del periodo de incubacién. Noso-
tros también cartografiamos el producto del algoritmo MST-DBSCAN para visualizar el proceso de difusién.
Los datos de 2014 del caso de la fiebre dengue se usaron como un estudio de caso ilustrativo. Nuestros resultados
muestran que, comparado con el mapeo kernel suavizado, el algoritmo MST-DBSCAN puede identificar mejor
el tipo de evolucién de cualquier agrupamiento en cualquier época. Atin mas, usando solo un mapa bi-dimen-
sional (y gréficos), nuestro enfoque puede demostrar el mismo proceso de difusién que despliegan los mapas de
series del tiempo o los despliegues trazados del kernel espacio-tiempo tridimensional, aunque de una manera
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mas ficil de leer. Concluimos que nuestro algoritmo MST-DBSCAN puede perfilar el patron espacial de la
difusién epidémica en detalle identificando la evolucién del agrupamiento de la enfermedad. Palabras clave:
evolucién del agrupamiento, DBSCAN, difusién epidémica, visualizacién geogrdfica, periodo de incubacion.

9 pidemic diffusion refers to the phenomenon
where an infectious disease spreads outward
J_Jfrom its origin (Meade and Emch 2010).

Through this process, an epidemic can evolve in space
and time, with the emergence of a new case helping to
reveal the diffusion process (Cliff and Haggett 2006).
To prevent epidemic diffusion and unpack its etiologi-
cal processes, understanding its spatial pattern is criti-
cal (Sabel, Pringle, and Schoerstrom 2009), and
geographical visualization is a tool to help this
dynamic phenomenon (Carroll et al. 2014). Cliff
et al. (1981) developed a model for cluster evolution
demonstrating the three broad diffusion patterns. Kal-
nis, Mamoulis, and Bakiras (2005) elaborated on this
by proposing the term mowing cluster, which focuses on
the movement of a trajectory cluster over time. Its
concept was similar to cluster evolution. These studies
introduced the idea that cluster evolution could be a
useful concept to demonstrate diffusion patterns.
Further, Barreto et al. (2008), Kan et al. (2008), and
Jeefoo, Tripathi, and Souris (2011) visualized geo-
graphically hypothetical concepts in real epidemic dif-
fusion events. Thus, we propose that disease cluster
evolution and geographical visualization are two
important elements for realizing spatial patterns of epi-
demic diffusion.

Previous studies have discussed some possible types
of disease cluster evolution such as describing trajecto-
ries of moving clusters and growth of an emerging clus-
ter (Kalnis, Mamoulis, and Bakiras 2005; Lian et al.
2007; Barreto et al. 2008; Kan et al. 2008). Through
the evolution process, a disease cluster might undergo
distinct changes over time. Sometimes, it evolves sin-
gly; sometimes, it interacts with other processes. Need-
less to say, individual clusters could have distinct
changes. There is still no study that systematically
takes all of these characteristics into account together,
however, and some situations are still ignored; for
instance, the situation where a cluster center moves
but the area becomes smaller or one cluster merges
with a part of another cluster rather than its whole
part. These shortcomings reflect the lack of a system-
atic classification of disease cluster evolution, which
hinders us from completely depicting diffusion pat-
terns. We propose here to provide a solution.

Methodologically, kernel density estimation (KDE),
an exploratory spatial analysis method converting a point
pattern data into a continuous risk surface that presents
hot spots with high-density areas (Bailey and Gatrell
1995; Gatrell et al. 1996; Sabel et al. 2000), combined
with time-series mapping, has some success in visualizing
disease cluster evolution. KDE with time-series mapping,
however, cannot “directly” demonstrate disease cluster
evolution. In fact, KDE creates a risk surface, so time-
series maps can only display the difference in risk area
between epochs. When the change is very slight or the
hot spot distribution is complex, it is very hard to observe
characteristics and discover change by the naked eye.
Different people might draw different conclusions when
interpreting the same time-series maps.

Regarding spatial-temporal progression of infec-
tious diseases, the incubation period for infectious dis-
eases, a pivotal factor in epidemic diffusion (Gubler
1998; Chan and Johansson 2012), which is the period
from being exposed to a pathogen to onset of illness
and becoming infectious (Chan and Johansson 2012),
is hard to incorporate in KDE with time-series map-
ping. In other words, two nearby cases cannot be in a
transmission relationship unless there is a temporal
relationship between the cases. Without an incubation
period, a hot spot that KDE detects is only a concen-
tration of event points, so the new cases that a hot
spot contains are very likely not to be infected by the
old cases in the same hot spot. Consequently, it is
inappropriate to simply consider the difference
between hot spots over time as a diffusion process.

This study thus aims to better geographically identify
and visualize disease diffusion patterns by first describing
a comprehensive disease cluster evolution classification
and then implementing a suitable algorithm. We pro-
pose a new algorithm, the modified space—time density-
based spatial clustering of application with noise
(MST-DBSCAN), to combine clustering with the
property of the incubation period. DBSCAN is a den-
sity-based algorithm that not only can detect irregularly
shaped clusters but also does not need to predetermine
the number of clusters (Ester et al. 1996; Birant and
Kut 2007; Parimala, Lopez, and Senthilkumar 2011). Its
feasibility for identifying clusters in geographical point
pattern data has also been shown (Wang, Wang, and
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Li 2006; Birant and Kut 2007). Furthermore, we simpli-
fied time-series maps, making the diffusion process
more easily understood. We present the effectiveness
and feasibility of our methodology by applying it to the
2014 dengue fever epidemic, a mosquito-borne disease,
in Kaohsiung City, Taiwan.

Related Work

Diffusion patterns have been categorized into three
types: hierarchy, contagion, and relocation (Meade
and Emch 2010), where the first two could also be con-
sidered as expansion diffusion (Cliff et al. 1981). Each
type has its own epidemiological meaning and implies
a distinct spatial transmission mechanism. Hierarchy
describes transmission through an ordered sequence of
settlements. Contagion depends on direct contact for
infection. Finally, relocation concerns disease that
shifts from a current location to another distant site by
means of the movement of the host such as human or
animal. In terms of geographical visualization of dis-
ease cluster evolution, Cliff et al. (1981) theoretically
showed expansion diffusion as a process where a clus-
ter has a fixed center but enlarges its area gradually.
Relocation diffusion was illustrated as a process where
a fixed-area cluster keeps moving. Finally, they
described the case where these two processes might
happen together, so a mixed process occurs where a
cluster moves with its area expanding. Their work pro-
vided a fundamental understanding about disease clus-
ter evolution, but it has remained largely theoretical.

The process of disease cluster evolution consists of the
changes in single and interaction patterns. The afore-
mentioned Cliff et al. (1981) study focused on the
change in a cluster’s center and area. Barreto et al.
(2008) commented that the focus, or center, is an impor-
tant characteristic about an epidemic; Kan et al. (2008)
considered that area can reflect the severity of an epi-
demic. Thus, these two geographical characteristics can
be used to profile the evolution of a single cluster in detail.
On the other hand, Lian et al. (2007) mentioned that
epidemics in different locations could merge and form a
more serious epidemic; Kalnis, Mamoulis, and Bakiras
(2005) considered that a cluster could split into two or
several parts. Their work implied the existence of interac-
tion between clusters. These studies revealed some types
of single and interaction pattern of disease cluster evolu-
tion, but a systematic classification is still absent.

Thoroughly understanding spatial patterns of epi-
demic diffusion is vital to unpack etiological processes:

Geographical visualization is a tool to help this dynamic
phenomenon. Previous studies showed two categories of
visualization (Bailey and Gatrell 1995; Cheng et al.
2013). First, exploratory visualization aims at displaying
data in a visual form so that analysts can obtain some ini-
tial insights before analysis; the other one is summarized
visualization, which presents the analytical results that
analysts want to communicate with audiences. To geo-
graphically visualize disease cluster evolution, previous
studies have used a two-stage exploratory approach. First
of all, they detected hot spot distributions at each epoch
by using techniques such as KDE. Then, they compared
the risk surfaces between epochs to understand the differ-
ences between hot spots with a view to understand diffu-
sion processes. After visualization, geographical context
and environmental factors have been used to explain the
cause of diffusion and some public health prevention
advice was provided (Barreto et al. 2008; Kan et al.
2008; Jeefoo, Tripathi, and Souris 2011). This approach
helped visualize dynamic procedures like diffusion and
was regarded as time-series mapping because it takes a
sequence of figures (Brunsdon, Corcoran, and Higgs
2007).

To better visualize temporal progression, Brunsdon
(2001) developed a technique, comap, and combined
it with KDE. Its concept is similar to time-series map-
ping, but the data sets between different epochs par-
tially overlap. When the analysis procedure moves to
the next epoch, some new data are included in the
data set and some old data are excluded; that is, the
data set is dynamic. This property enables readers to
easily observe the difference between different epochs
because two data sets share the overlapping data
(Brunsdon, Corcoran, and Higgs 2007).

Kalnis, Mamoulis, and Bakiras (2005) have modi-
fied the DBSCAN algorithm to detect moving clus-
ters. Because they dealt with trajectory data, there was
no need to take the incubation period into account. In
addition, they did not identify all possible patterns of
evolution and visualize them. Their work, however,
still revealed the potential of DBSCAN to properly
visualize disease cluster evolution. Moreover, Ester
et al. (1998) integrated the concept of a dynamic data
set with DBSCAN, but their method is not suitable
for disease data. In fact, they did not modify the algo-
rithm but just implemented clustering once for each
epoch. The dynamics came from the property of their
data because it recorded the duration of each point.
Each point might survive for a period of time, and
they can know which point still exists at each epoch.
Nevertheless, most disease data are a set of event
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points recording only the location and the onset time
rather than how long they continue. Each point exists
in only one epoch. Therefore, their method cannot
capture the dynamic nature of this kind of disease data.

Methods

The aforementioned property of the incubation
period highlights the need to consider the transmission
relationship between cases when detecting clusters.
Therefore, in this study, we defined a new concept of
transmission cluster rather than conventional spatial—
time clustering. The cases, which form a transmission
cluster, are considered by not only spatial proximity in
time and space with each other but also the transmis-
sion relationship, which represents that the neighbors
of one case must appear spatially near but later than
the case so that these neighbors could be infected by

Polygon or
Gridded data

Point data

this case. Our proposed methodological framework
included three stages (Figure 1). In the first stage, ten
diffusion types of a transmission cluster evolution were
defined to better describe the possible evolution pat-
terns. Both single and interaction patterns were con-
sidered. The second stage introduced how MST-
DBSCAN was modified from DBSCAN, including
describing the formation of a dynamic data set, han-
dling the property of the incubation period, and
detecting the transmission cluster for identifying the
evolutions. Finally, the third stage was to simplify
time-series maps. We used the Louvain method, a
grouping detection algorithm in network analysis
(Blondel et al. 2008), to detect groups in the network
whose nodes are administrative districts and links are
diffusion similarity between districts. The districts in
the same group have similar diffusion procedures, so
we can use a thematic map to display the diffusion
dynamics rather than a series of figures.

(Stage 1: Identifying Transmission Clusters (MST-DBSCAN))

Transmission
Clusters

1. Formulating Dynamic Database and Setting parameters
2. Searching spatio-temporal meighbors
3. Defining Reachable and Connected in Space and Time

(Stage 2: Differentiating Cluster Evolution types )

1. Defining single and interaction patterns

2. Assessing the movement and changes of transmission
clusters
3. Defining Reachable and Connected in Space and Time

Clusters
Evolution

(Srage 3: Delineating Diffusion Zones )

1. Quantifying diffusion similarity of polygons
2. Formulating network structure

Node: centroids of polygons

Line weight: scores of diffusion similarity

Diffusion
Zones

Figure 1. Methods framework.
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Classification of Disease Cluster Evolution

We propose a new classification of disease cluster
evolution (Figure 2) separated into single and multiple
disease clusters. The changes in the center and the area
of a transmission cluster were used to monitor the sin-
gle pattern. Each of these changes implies a significant
property of diffusion, namely, that distinct strategies for
public health are needed. For example, if the epidemic
in a transmission cluster becomes more prevalent than
before, the area might get larger. The health authority
could focus its attention there. If a transmission cluster
moves to another place, its center could move. The
health authority could track its trajectory and try to
stop its progression. By combining the changes in these
two characteristics, six distinct types of single cluster
evolution patterns could be discovered.

e Steady (Figure 2A): The transmission cluster does
not move to another place and its influencing area
remains the same. This type implies that although a
cluster does not diffuse, it still keeps its current sta-
tus and could diffuse in the future.

e Move (Figure 2B): The transmission cluster moves
to another place but its influencing area remains

the same. This type implies that although the
sources of infection might be cleared at the
original place, they have shifted to neighboring
areas.

Growth (Figure 2C): The transmission cluster does
not move but its influencing area becomes larger.
This type means that the sources of infection might
not be thoroughly cleared at the original place, so
they keep growing and continually infect healthy
people around this area.

Directional growth (Figure 2D): The transmission
cluster moves and its influencing area increases.
This type implies that the sources of infection not
only remain at the original place but also shift to
neighboring areas.

Reduction (Figure 2E): The transmission cluster
does not move but its influencing area becomes
smaller. This type reflects that the sources of infec-
tion could be gradually wiped out.

Directional reduction (Figure 2F): The transmission
cluster moves and its influencing area decreases.
This type means that although the sources of infec-
tion are being cleared, they still diffuse to neighbor-
ing areas.

Single pattern
Interaction pattern
Center stays Center moves
(A)
Area
remains
()
Area
fbecomes
larger
(E)
Area P e nL Y > ~~__ 0 = = za =
Jbecomes] £ S ¢ !’ . Past Now
smaller f N Lo NS
N L NN N oving
e L Futlre direction

Figure 2. Ten cluster evolution types.
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Characterizing interaction cluster evolution patterns
focuses on the changes resulting from the interaction
between two or more transmission clusters. The first
type is merge (Figure 2G). When two or more transmis-
sion clusters become closer or they expand toward each
other, they could finally merge and form a bigger trans-
mission cluster. This type implies that a series of out-
breaks of an epidemic could come from the merging of
several small transmission clusters. The second type is
split (Figure 2H). A transmission cluster might split
into two or more separate clusters that could undergo
different developments in the future. The third type is
split-merge (Figure 21). This type aims at capturing the
phenomena that a transmission cluster absorbs a part of
another cluster rather than its whole part. The last type
is emerge (Figure 2J). This means a new transmission
cluster appears although several transmission clusters
already exist. This type implies that the sources of
infection are carried to a new place by the movement
of the host, such as a human or an animal, so a trans-
mission cluster can appear at a new site rather than
being the expansion of an existing transmission cluster.

A Modified Space-Time DBSCAN

First of all, the concept of a dynamic data set
requires that the data set should be clustered at each
epoch but should be partially overlapping. To formu-
late a dynamic data set that is suitable for point pat-
tern data, we designed a new parameter, EpsTI, to
pick out the case points that should be included at
each epoch (Equation 1).

D, ={p|t—EpsT1<T(p)<t}, (1)

where D, is the data set at time t, and T(p) is the
appearance time of case p. In Equation 1, T(p) < ¢
allows that the cases could be infected earlier than or
at time ¢ to be included in the data set; (t — EpsT1) <
T(p) keeps the cases that are still infectious and
excludes the cases that appear too early to affect the
current situation.

Second, the incubation period highlights the trans-
mission relationship for a case point to find its neighbor.
This modification necessitates redefining the “neighbor”
in DBSCAN, which only focuses on the spatial adja-
cency between points. We extended the definition of
neighbor and named it spatiotemporal neighbor. The
parameter Eps originating from DBSCAN was used to
set the threshold value of the spatial adjacency. We also

renamed it as EpsS to distinguish it from the temporal
parameters. On the time dimension, the incubation
period is a rough range rather than a definite interval
because it was hard to confirm (Gubler 1998; Chan and
Johansson 2012). The length of the period often differs
from person to person. Sometimes it is short, but some-
times it is much longer. Therefore, we considered that a
time window is a much better way for a case to search its
neighbors. EpsT I, which was used to create the dynamic
data set, was also used here to set the threshold value of
the possible longest transmission. Because a case cannot
transmit a disease to those whose onset time is after the
longest transmission, there might not be a problem in
reusing EpsT1. Furthermore, a new parameter, EpsT2,
was designed to set the threshold value of the possible
shortest transmission. Equations 2 and 3 and Figure 3
demonstrate the quantitative definition of spatiotempo-
ral neighbor.

AT (i,j)= T()—T() (2)
STNB;, ={ j € D, | dist(i,j)<EpsS M

EpsT2<AT(,j)<EpsTI M i#j}, (3

where AT(i,j) denotes the difference between the
appearance time of i and j, dist(i,j) denotes the spatial
distance from i to j, and STNB; , denotes the spatiotem-
poral neighbors of i at time t. Notice that, without this
modification, a neighbor only considered spatial adja-
cency, so it was bidirectional. Nonetheless, when the
concept of transmission was added, the adjacency was

Time
= Neighbor of
Future
P = % neighbor area
bk = o of pointA
EpsTi=2
EpsT2=1
Past I Epss

Earth

surface

Figure 3. Spatiotemporal neighbors. The number behind each let-
ter is the appearance time of the point. The dashed rectangle is the
neighbor area of point A. That is, the points inside this area, D and
E, are point A’s neighbors. On the other hand, although point B is
spatially adjacent to A, it is not infected by A due to the same
appearance time.
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(A) (B)
Timeline Timeline

Future Future

Past Past

Parameters:

EpsT1: 2
EpsT2: 1
MinPts: 2

Point Roles:

Core point: @
Border point: ©

y=<

V=

Relationships:

©) (D)
Timeline Timeline

Future Future

Past Past

V=<

rd

Directly
spatio-temporal
density reachable
Spatio-temporal
density reachable
S >
Spatio-temporal
density connected

Indirectly
spatio-temporal
density connected

Figure 4. Spatiotemporal relationship. The number behind each letter is the appearance time of the point.

transformed to be unidirectional in this study; that is,
two cases cannot infect each other.

In DBSCAN, the number of neighbors reflects a
point’s density. A high number means that a case has
many neighbors within a given area, so the density is
high. According to this relationship, DBSCAN classifies
all points into three different roles, including core, bor-
der, and noise points (Ester et al. 1996). Our study
followed the same criteria for classifying points. A
parameter, minimum points (MinPts), was used to set the
threshold value of how many neighbors a core point
must have as a minimum. Core point means that it has
enough spatiotemporal neighbors, so it can transmit dis-
ease to other case points and become the major structure
of a transmission cluster with high disease incidence. A
border point represents the border of a transmission clus-
ter because its density is not high enough. It is like a bor-
der of a cluster where the epidemic diffusion is slowing
down. A noise point acts as an outlier located in an area
with low disease incidence.

The third modification of DBSCAN concentrates
on the relationship between case points and the forma-
tion of a cluster. In fact, this modification was forced
by the second modification because the relationship is
tightly related to the way to find neighbors. The rela-
tionship further affects how to detect a cluster, so the

redefinition was necessary. Moreover, DBSCAN has
only three relationships. We added the fourth relation-
ship to capture the interaction pattern between
different clusters. “Spatiotemporal relationship” and
“transmission cluster” were our new definitions,
defined as follows:

® Directly spatiotemporally reachable (Figure 4A):
Given two points p and g, if p is a neighbor of g and
q is a core point, p is directly spatiotemporally reach-
able from g.

e Spatiotemporally reachable (Figure 4B): Given a
point p and a core point ¢, p is spatiotemporally
reachable from q if there is a chain-like link ky, ks,
.+ kn, where ki = q and k,, = p, such that ki is
directly spatiotemporally reachable from k;, for 1 <
<n,keD.

e Spatiotemporally connected (Figure 4C): Given two
points p and q, if there is a point k such that both
p and q are spatiotemporally reachable from k, p and g
are spatiotemporally connected to each other.

e Indirectly spatiotemporally connected (Figure 4D):
Given two points p and g, they are indirectly spatio-
temporally connected to each other if there is a core
point k such that p and q are spatiotemporally con-
nected to k simultaneously.
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® Transmission cluster: A cluster C must satisfy the
following two terms:
o Vp,q€eD,peCifqe Candp is spatiotem-
porally reachable from q.
O Vp, q € C, p is indirectly spatiotemporally
connected to g.

After establishing the MST-DBSCAN and detecting
the transmission clusters, the next task was to identify
the diffusion type of each transmission cluster at every
epoch. For single cluster evolution patterns, whether
the area or the center of a transmission cluster changes
was the criterion to identify the diffusion type. To
check the changes, calculating the area and the center
at each epoch was necessary. Because DBSCAN is
essentially a data clustering method, the cluster to
which each case point belongs at each epoch can be
recorded. In other words, the case points that each clus-
ter contains at each epoch can be known. Therefore,
we defined the center of a transmission cluster as the
spatial mean center of all cases in this cluster. More-
over, to calculate the area, we made buffers with a
radius equal to the EpsS for all cases in the same cluster
and then merged these buffers into a much bigger poly-
gon. The area of this polygon represented the area of
the transmission cluster. After that, we used Equation 4
to calculate the movement distance of the mean center.
If the distance is larger than half of EpsS, the center is
judged as moving; otherwise, it stays. Similarly, Equa-
tion 5 was used to calculate the proportion of the area
change. If the proportion is larger than 0.1, the area
becomes bigger; if the proportion is less than 0.1, the
area becomes smaller; otherwise, it remains the same.

AMC;, = dist(MC;;, MCi;—1) 4)
Ai,t - Ai,t -1

Aa, = Bl s
where MC;,; and A;, are the spatial mean center and
the area of the transmission cluster i at time t, respec-
tively. With Equation 4 and Equation 5, we could
know whether the center or the area changes.
By referring to Figure 2, the diffusion type of each
transmission cluster at each epoch could be identi-
fied.

For interaction pattern, as mentioned earlier, MST-
DBSCAN can store the component of each transmis-
sion cluster in each epoch. Therefore, whether the
composition of a cluster changes between epochs can
be detected and then the four types of interaction pat-
terns can be distinguished.

Simplified Time-Series Maps

To simplify time-series maps, we first projected the
evolution of transmission clusters onto the adminis-
trative districts. Technically, this approach allowed us
to record what kind of cluster evolution each adminis-
trative district underwent at each epoch. Then, we
compared any two districts and calculated how many
times that they share the same types (Equation 6),
which was defined as diffusion similarity in this
study.

Sij= 5 (6)

where §; ; denotes the similarity of diffusion pattern
between administrative districts i and j with values
ranging between O and 1. The diffusion patterns
between administrative districts i and j are regarded
as identical if the value of §;; is equal to one. E,
denotes the total number epochs of the epidemic. E;
denotes the count of the epochs that i and j have the
same type.

Based on the measurement of diffusion similarity,
we used the Louvain method to group districts. The
Louvain method, a grouping algorithm, operates on a
network that contains a set of nodes and a set of links.
Here, each administrative district can be regarded as
a node and the score of the diffusion similarity
between any two districts (S;;) is a link weight.
Then, the Louvain method grouped districts into sev-
eral groups by finding a set that has high similarities
within each group and low similarities between
groups. We defined each community as a diffusion
zone because the districts in the same community
had similar diffusion dynamics. With this property,
we could use a thematic map to display the distribu-
tion of all diffusion zones. To further realize the
detailed diffusion procedure, we also sketched a tem-
poral graph of ten cluster evolution types for each
zone.

The procedures of our proposed analytical frame-
work are described in terms of pseudocode in
Appendix A, including three major procedures of (1)
MST-DBSCAN for detecting transmission cluster, (2)
identifying evolution types, and (3) simplifying time-
series maps. The time complexity of our core algo-
rithm, MST-DBSCAN, is also assessed and described
in detail in Appendix B. Finally, we compared perfor-
mance and effectiveness of MST-DBSCAN with the
original DBSCAN using our case study data.
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Application: Cluster Evolution and
Diffusion Zone of the 2014 Dengue Fever
in Kaohsiung, Taiwan

To demonstrate the feasibility of our proposed
methodology, we illustrated our techniques with data
on a 2014 dengue fever epidemic in Kaohsiung City.
The city is the second largest municipality in Taiwan,
with a population of 2.8 million in 2014. Twelve dis-
tricts, part of Kaohsiung City displayed in Figure 5,
made up our study area because this area is usually the
major area of the dengue epidemic in southern Taiwan
every year. Previous studies also chose the same area
to study the dengue fever epidemic in Taiwan (Kan
et al. 2008; Wen and Tsai 2015). Our data were col-
lected through the national surveillance system of the
Taiwan Centers for Disease Control (Taiwan CDC),
which reported 13,606 confirmed dengue cases within
these twelve districts from May 2014 to February
2015. The detailed epidemic curve is showed in
Figure 6.

For the dengue epidemic in Taiwan, Taiwan CDC
indicated that if a case appears within 150 m of an
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Figure 5. Study area in Kaohsiung City.

existing case, there might be a cluster. Based on this
criterion, if the EpsS is set as 150 m, the MinPts value
must be one. In other words, a case needs only one
neighboring case for it to be a core point. Therefore,
we set the EpsS as 300 m and the MinPts as three to
preserve similar density. On the time dimension,
because dengue fever is a vector-borne disease, extrin-
sic incubation periods (EIPs) and intrinsic incubation
periods (IIPs) comprise its incubation periods (Chan
and Johansson 2012). EIP is the time that a pathogen
spends duplicating in a mosquito’s body, and IIP is the
time that it spends inside a person. When a person is
infected, the time that he or she can transmit the virus
to mosquitoes starts from the illness onset day but ends
at an unfixed day (Gubler 1998). This period is the
infectious period. We considered that it is much better
to take these three periods into account when setting
the value of EpsT1 and EpsT2 (Figure 7). Gubler
(1998) reported that the end of the infectious period
ranges from two days to ten days, so we took six days,
the average of two and ten, to be the end of the infec-
tious period in this study. Gubler also stated that the
IIP ranges from four days to seven days. Chan and
Johansson (2012) pointed out that the range of EIP is
different under different temperature regimes. Accord-
ing to the historical climate data for Kaohsiung City,
the monthly average temperature in August, Septem-
ber, October, and November in 2014, the dengue epi-
demic season, ranged from 25.2°C to 29.5°C.
Referring to their study, the range of the EIP is two
days to fifteen days. Guzman et al. (2010), however,
commented that the EIP is about ten days and is much
shorter at high ambient temperatures. Consequently,
we combined the arguments of these two studies and
used two days to ten days as the EIP. Based on these
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Figure 6. The temporal trend of dengue fever cases.
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Figure 7. The time parameter settings were designed to capture the transmission based on the ranges of infectious periods, extrinsic incuba-
tion periods (EIPs), and intrinsic incubation periods (IIPs). EpsT2 is the time that case O is sick and adds the minimum days for EIP and IIP.

EpsT1 ranges beyond EpsT2 to the maximum days for EIP and IIP.

three periods, if a case shows symptoms, the earliest
that it can be infectious is six days later (infectious
period (0) + EIP (2) + IIP (4) = 6). Similarly, the last
case must have an onset time twenty-three days later
(infectious period (6) + EIP (10) + IIP (7) = 23). As
a result, the time window can range from six to
twenty-three days. Because our analysis unit of time
was a week, we set EpsT1 as two weeks and EpsT2 as
one week.

Figure 8 shows the result of MST-DBSCAN and
the result of KDE for our study area. The parameters
for the KDE analysis include the bandwidth, which
was set to 300 m to match that of the MST-DBSCAN
analysis. According to Figure 8B (KDE), the hot spots
of the dengue epidemic were located in the central
area in weeks 17 to 20. It also diffused to the north but
gradually. The result of the MST-DBSCAN analysis
(Figure 8A), however, not only illustrates the diffusion
trend but also reveals the diffusion type of each trans-
mission cluster. For example, in Figure 8A, a transmis-
sion cluster persistently merges with other clusters and
becomes the largest cluster in week 20. Moreover,
from week 18 to week 19, several clusters split and
some new clusters appear. These clusters could be the
cause triggering the epidemic to diffuse to the north.
This comparison illustrates that, compared to KDE,
MST-DBSCAN can not only reveal the process of
cluster evolution but can also identify their evolution
type(s) in any specific time period.

MST-DBSCAN quantitatively demonstrates the
cluster evolution patterns of the epidemic diffusion,
but it still relies on the time-series maps for visuali-
zation. Figure 9A displays the result of applying
the Louvain method on the transmission clusters

aggregated by administrative districts. In Figure 9A,
villages are used as the spatial unit because it is the
third-level administrative unit, which is the small-
est aggregation unit for socioeconomic statistical
data in Taiwan. The villages that have the same
color have been assigned to share the same diffu-
sion patterns. That is, these villages have similar
diffusion procedures. Figure 9A shows that zones 2,
4, and 5 cover the most central area, which is the
major area of the dengue epidemic; zones 1 and 3
surround the previous three zones around the border
of our study area where the epidemic is not serious.
Figure 9B further shows the major diffusion types of
each diffusion zone over time. The two major diffu-
sion types in zone 1 are steady and growth, which
have the same characteristic, center remaining.
Therefore, zone 1 can be identified as the epidemic
source. The frequency of emergence in zone 3 is
higher than that in the other zones, so it is named
intensive occurrence. In addition, merge, split, and
split-merge dominate the diffusion pattern in zones
2, 4, and 5. Although these three areas share the
same major types, the start times of merge are a lit-
tle distinct. Zone 2 has the earliest appearance of
merge, so it is named early-stage expansion. Zone 4
follows zone 2 and has the second early appearance
of merge. It can be categorized as middle-stage
expansion. Finally, zone 5 is late-stage expansion
because its merge appearance is the latest.

Based on the property of these five zones, we can
depict more distinct space—time diffusion processes.
The epidemic first appears in Figure 9 at zone 1 where
the diffusion pattern tends to stay in a fixed area, so
it does not affect many areas. Then, the epidemic
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Figure 8. Comparison between (A) modified space—time density-based spatial clustering of application with noise and (B) kernel density

estimation. (Color figure available online.)

appears at zone 2, the downtown of the city, where the
interaction pattern dominates the diffusion and the
first large-scale outbreak thus occurs. Later, the epi-
demic diffuses to zone 3, the border of the city. It cre-
ates many new and small clusters and enlarges the
affected area sharply. Next, the epidemic moves to
zone 4. The interaction pattern dominates the diffu-
sion again and the second large-scale outbreak occurs.
Finally, the diffusion in zone 5 is also dominated by
the interaction pattern, which leads to the third large-
scale outbreak. This process reveals a clear picture
that the early epidemic resulted from a single pattern
and the occurrence of an interaction pattern could
cause large-scale outbreaks.

Figure 8A demonstrates that there are several split
patterns in zone 4 (Figure 9A) in weeks 19 and 20;
Figure 9B also illustrates that temporal progression of
the split pattern in this zone starts at about week 19.
Furthermore, the largest cluster in Figure 8A persis-
tently merges with other clusters and is located in zone
2, the type of early-stage expansion. Figure 9B also
shows that the merge pattern in this zone occurred
about week 19. Therefore, we simplified the process of
time-series maps and disease cluster evolution can be

visualized in a much more easily readable way but still
preserves its correctness.

To further prove the effectiveness of our simplified
approach, we compared it with space—time kernel den-
sity estimation (ST-KDE). The parameters for the ST-
KDE analysis include both space and time bandwidth.
To match that of the MST-DBSCAN analysis, we set
the space bandwidth as 300 m and the time bandwidth
as two weeks. Figure 10 shows the ST-KDE of the den-
gue epidemic in a part of the study area. Hot spot I is
the earliest one among these four hot spots and its
location is zone 1. Figure 9B also shows that the diffu-
sion in this area is the earliest. On the other hand, hot
spots Il and III are located in zone 4 and hot spot IV is
located in zone 5. The emergence of hot spot IV is
later than that of the previous two hot spots. A similar
phenomenon can also be observed in Figure 9B. This
comparison shows that our approach uses one two-
dimensional (2D) map and graphs to interpret the
result, which is more intuitive than the ST-KDE.
Moreover, our approach can further demonstrate a
dominated diffusion type in each hot spot of ST-KDE.

Finally, we compared the performance between MST-

DBSCAN and the original DBSCAN. Both algorithms
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Figure 11. The result of applying density-based spatial clustering
of application with noise to the dengue fever case. (Color figure
available online.)

were implemented to analyze our case data in Python 3.6.
All experiments were conducted on a 2.80-GHz Intel
Core i7-7700HQ processor with 16 GB memory, running
Microsoft Windows 10. In terms of execution time, with
our data, MST-DBSCAN accelerated by KD-Tree took
6.00 seconds, and DBSCAN needed 0.23 seconds.
Because MST-DBSCAN considers spatial-temporal
neighbors, the time complexity of the MST-DBSCA
algorithm is O(N?), and the original DBSCAN needs
only O(NlogN). Without incorporating the temporal
progression, the result of DBSCAN (Figure 11) shows a
single large cluster at the central region of Kaohsiung.
Using the MST-DBSCAN algorithm proposed in this
study, the single cluster identified by DBSCAN was
decomposed into more small zones (Figure 9A), which
differentiates the spatial-temporal characteristics of dis-
ease cluster evolution. In this study, the grouping result

from MST-DBSCAN could be also further be used for
identifying cluster evolution types and to simplify time-
series maps.

Discussion

In this article, inspired by Cliff et al. (1981), we
have presented a method for classifying cluster evolu-
tion patterns, including single and interaction pat-
terns. To directly identify and visualize them, we
developed an algorithm, MST-DBSCAN, which inte-
grates the concept of a dynamic data set with the incu-
bation period in the disease transmission process.
Moreover, we transformed the cluster, evolution into a
network form that is composed of the administrative
districts and their diffusion similarity. The Louvain
method helps us depict diffusion zones and major diffu-
sion types in each of them by detecting the communi-
ties of the districts. Requiring only one 2D map (and
graphs; Figure 9), this is a new spatiotemporal visuali-
zation approach aiming to solve the problems that
time-series maps and three-dimensional space—time
kernel plots suffer from, namely, that the time series
are hard to visualize.

Although Barreto et al. (2008), Kan et al. (2008),
and Jeefoo, Tripathi, and Souris (2011) used KDE to
understand disease diffusion processes, the innovation
in this article is to enhance each cluster by identifying
its evolution type at each epoch. In addition, the hot
spots that KDE detects do not have a clear boundary,
so it is hard to identify their area and the case points
they contain. In other words, previous studies could
not track the development of each cluster so they
could not further quantitatively analyze the hot spots
to profile the diffusion process in detail. This property
allows us to aggregate the cluster evolution types into
administrative districts and then measure the diffusion
similarity between them, so our simplified approach is
operable.

In our case study, the early epidemic follows the sin-
gle pattern whereas the disease breaks out when the
interaction patterns occur. Moving to the practical real-
ity on the ground, the local government considers that
several villages in central zone 2 are index or source vil-
lages because the first outbreak usually happens there
every year. Our results also indicated the first outbreak
in 2014 (the largest cluster in Figure 8A) appeared in
the same place. Kan et al. (2008) found that this area
was the early outbreak site of dengue fever in 2001

through 2003; Wen and Tsai (2015) also discovered
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the same phenomenon in 2009. Both of these studies
attributed the early epidemic of dengue fever to
“contagious diffusion,” which spreads slowly and usually
results from environmental characteristics such as poor
garbage disposal or standing water. On the other hand,
they ascribed the late outbreaks to “relocation dif-
fusion,” which rapidly intensifies the diffusion by demo-
graphic factors such as population mobility. Therefore,
our single pattern might act like contagious diffusion
and the interaction pattern might have the same effect
as relocation diffusion.

This comparison shows that the interaction pattern
might be more likely to cause the outbreaks than the
single pattern. We considered it is because of the
emergence pattern, a type of the interaction pattern.
When a new cluster appears at a location, the people
there have usually not been infected. That is, they do
not have the antibody. The epidemic could spread
quickly in a single pattern until most people have the
antibody. Although the speed of the spread would thus
slow down, the area of the cluster could become much
larger than before. Bigger areas provide more opportu-
nity for a cluster to merge with other clusters. During
the merge pattern, the people who are located on the
juncture of clusters could be infected by the people
from any cluster. This complicates the diffusion pro-
cess because it is hard to differentiate which person is
infected by whom. If an infectious person within this
big cluster migrates to another distant site, the emer-
gence pattern can happen again. The cycle could also
operate again, which intensifies the epidemic rapidly.
Consequently, the critical point to prevent the diffu-
sion seems to control the appearance of the emergence
pattern. Because dengue fever is a vector-borne dis-
ease, the movement of both people and mosquitos
should be monitored.

To incorporate the transmission properties of infec-
tious diseases, the MST-DBSCAN algorithm needs four
input parameters: EpsS, EpsT1, EpsT2, and MinPts.
EpsS represents the geographical distance for one
infected case transmitting disease to a susceptible per-
son. EpsT1 and EpsT2 are the maximum and minimum
temporal distances, which are calculated from the prop-
erties of the incubation and infectious periods. Finally,
MinPts reflects the minimum number of cases forming a
cluster. The issue on specifying these parameters appro-
priately, especially for MinPts in density-based algo-
rithms, was addressed in recent studies (Liu, Zhou, and
Wu 2007; Ram et al. 2009; Kriegel et al. 2011). In our
study, each parameter of MST-DBSCAN is used for

reflecting disease transmission properties and minimum

cluster size of a specific disease. In other words, the
parameters of MST-DBSCAN can be set up appropri-
ately based on the incubation and infectious periods of
a specific disease and the influential range of contact
exposure. For example, measles is an airborne infectious
disease spreading easily through the coughs and sneezes
of those infected. The World Health Organization
(2003) reported that the incubation period of measles
ranges from ten days to twelve days, whereas the infec-
tious period is from four days before to four days after
the onset time. That is, the earliest transmission could
happen on the sixth day (10 — 4 = 6) after the onset
time and the latest transmission could be on the six-
teenth day (12 + 4 = 16). Thus, EpsT1 of MST-
DBSCAN can be set as two weeks and EpsT2 could be
set to one week if the time unit for analysis is the
week. Furthermore, Zipprich et al. (2014) considered
that a measles outbreak results from three or more cases
linked in time or space, so MinPts can be set as two.
Finally, EpsS represents the possible geographical range
of transmission from one infected case to another,
which is difficult to measure quantitatively. Spatial pat-
tern analysis methods are often used to quantify spatial
influential zones of transmission. In recent studies on
dengue fever transmission, Kan et al. (2008) used the
K-order nearest neighbor (KNN) analysis to determine
the most appropriate geographical bandwidth, which is
regarded as the distance of human—-mosquito transmis-
sion. Moreover, determining spatial influential range of
dengue vector mosquitoes, Azil, Bruce, and Williams
(2014) used incremental spatial autocorrelation analysis
(i.e., global Moran’s I at numerous distances) to identify
the distance at which the spatial autocorrelation of
mosquito population is the strongest. It can represent
the home range of dengue vector mosquitoes.

This study took into account the effect caused
by the incubation period. This was also a concern of
previous studies that used mathematical differential
equations (e.g., Susceptible-Exposed-Infected-Removed
[SEIR] model) or agent-based simulation approaches to
profile an epidemic diffusion (Li and Muldowney 1995;
Lekone and Finkenstadt 2006; Degli Atti et al. 2008).
The former, however, concentrated on the temporal
progression of epidemics; the latter often used artificial
data for experiments on hypothetical scenarios. The
influence of the incubation period is not incorporated
into spatial-time clustering methods, so the progression
of clustering diffusion cannot be investigated quantita-
tively. The algorithm we propose fills this gap. In addi-
tion, although our main focus was on disease diffusion,
the essence of our methods was the cluster evolution
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and visualization from any point pattern data. Other dif-
fusion issues that have a time lag property similar to our
incubation period, such as crime (Anselin et al. 2000)
and innovation (Feldman and Florida 1994), could also
be analyzed by our methods.

Although this study has classified, identified, and
visualized cluster evolution types, some limitations
still exist. First, MST-DBSCAN cannot differentiate
the intensity of each identified cluster, whereas KDE
can demonstrate the difference between hot spots. In
MST-DBSCAN, although the clusters were identified
in different areas, the number of cases in them was
not used to reflect clusters’ status. Some large clusters
might be sparse because they contain just a few cases,
whereas some small clusters might be dense due to
many cases concentrating in a small area. In fact,
this limitation is inherited from DBSCAN, which is
also related to the aforementioned varying-density
problem. Some studies attempted to address this limi-
tation by proposing new methods such as VDBSCAN
(Liu, Zhou, and Wu 2007) or an enhanced DBSCAN
algorithm (Ram et al. 2009). Our study focuses on
the geographic extent of cluster evolution rather than
geographic variation within a cluster, such as varying-
density phenomena. It still warrants further investiga-
tion considering spatial variation within a cluster in
MST-DBSCAN, however.

Another limitation is the time complexity of MST-
DBSCAN, which is O(N?), although we have adopted
KD-Tree for searching spatial-temporal neighbors. In
fact, KD-Tree only can find spatial adjacent neighbor-
hood pairs, which requires our algorithm to further
pick out the temporal adjacent pairs among those spa-
tial adjacent pairs. Hence, the number of spatial adja-
cent pairs, which is proportional to N?, dominates the
time complexity in searching neighbors. The algo-
rithm of Birant and Kut (2007), which also considered
temporal neighbor search in DBSCAN, modified R-
Tree so that spatial search and temporal search can be
implemented simultaneously. The time complexity of
their algorithm thus only costs O(N*logN). It could
be an important issue to be further addressed for big-
data spatial applications.

Although the focus of this article is an explor-
atory approach, a statistical delimitation of cluster
boundaries is nevertheless very useful. In Sabel
et al. (2000), the authors used KDE to produce sur-
faces of disease over space and time but delimited
the cluster boundaries using Monte Carlo simula-
tions. This remains a limitation of the MST-
DBSCAN algorithm.

Conclusion

Disease cluster evolution is vital to understanding
spatial patterns of epidemic diffusion, but a gap in the
literature remains over a clear diffusion cluster classifi-
cation. This study not only classified the evolution
types but also developed an algorithm, MST-
DBSCAN, to identify and visualize each cluster at
each epoch. With a dynamic data set and the ability
to consider the incubation period, the results of MST-
DBSCAN more realistically depict the diffusion pro-
cess. Moreover, because the evolution types that each
cluster undergoes can be stored, further quantitative
analysis is also available. We thus used this property to
simplify the way to visualize a dynamic progression
such as diffusion. With only one map and graphs, our
simplified approach visualizes an epidemic diffusion in
an easy-to-read manner. In summary, our MST-
DBSCAN algorithm can profile the spatial-temporal
pattern of epidemic diffusion in detail by identifying
disease cluster evolution.

This study proposed an MST-DBSCAN algorithm
to systematically differentiate the types of disease clus-
tering evolution for identifying and visualizing each
cluster at each epoch. Our algorithm, which incorpo-
rates dynamic data sets and effect of the incubation
period, shows better ability to realistically and effi-
ciently depict the diffusion process than conventional
methods, including time-series maps and space—time
kernel maps.
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Appendix A: Pseudo-code
Part 1: MST-DBSCAN

Inputs

1. D={py, p3, . . ., bn} Set of points

2. EpsS: Maximum spatial distance value
3. EpsT1: Maximum time distance value
4. EpsT2: Minimum time distance value

5. MinPts: Minimum number of points within EpsS
and EpsT1 and without EpsT2

Outputs

1. TC ={TCy, TC,, ... TCy}, where TC, = {C;, C;,
.., Ci} is the set of transmission clusters at time
step t.

Step 1. Build an edge-weighted digraph (G) whose
vertices are N and edges are empty. Meanwhile, create
an empty dynamic data set (dd).

Step 2. Create a KD-Tree for all points (N) in D.

Step 3. In the KD-Tree, find all neighborhood pairs
whose spatial distance between the two points is equal
to or smaller than EpsS.

Step 4. Among these spatial adjacent neighborhood
pairs, pick out the pairs whose time lag is equal to or
smaller than the following time: EpsT1 — EpsT2. Addi-
tionally, mark the earlier point in each pair as the
home point and the later point as the neighbor point.
Then, insert these pairs into G as the in-flow edges of
their neighbor points.

Step 5. For each time step t, repeat Steps 5a through
5f.

Step 5a. Remove the old points from dd if they
appear before the following time: t — EpsT1.

Step 5b. From G, remove the out-flow edges whose
home point is one of the old points.

Step 5c. Add the new points that appear at time ¢
into dd.

Step 5d. For each new point, obtain its in-flow edges
and the home point of each of these edges. Then,
insert these edges into G as the out-flow edges of their
home points, respectively.

Step 5e. For each point (p) in dd, get the out-flow
edges of p in G. Then, if the number of these edges is
equal to or larger than MinPts, mark p as core.

Step 5f. For each point (p) in dd, if p is core and has
not been visited in the current time step t, use a
depth-first search to find all points that can be spatio-
temporally reached by p along the outflow direction.
Then, assign these points and p to the same cluster
and mark them as visited. The depth-first search will
find one cluster each time and then start the next
search from an unvisited core point until there is no
core point in dd. Moreover, a core point being visited
a second time or even more implies that it can be
reached by two or more clusters, so the points belong-
ing to these clusters will be assigned to the same
cluster.

Part 2: Identify Cluster Evolution Types

Inputs

1. TC ={TC,, TC,, ..., TC}}, where TC, = {Cy, C,,
..., C} is the set of transmission clusters at time
step t.

Outputs

1. TEC = {TEC,, TEC,, ..., TEC,}, where TEC, =
{ECy, EC,, ..., ECy} is the set of evolution types of
each cluster at time step t.
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Step 5. Calculate the mean geographical center and
the area of each cluster at each time step t.

Step 6. For each time step t, repeat Steps 6a through
6b.

Step 6a. Compare each cluster in TC, with each
cluster in TC,.; to know whether clusters in different
times share the same points.

Step 6b. Start to identify the evolution types:

1. If the points of a cluster in TC, are not from each
cluster in TC,.;, mark the cluster emerge.

2. If these points are from a part of a cluster in TC,_y,
mark this cluster split.

3. If these points completely contain two or more clus-
ters in TC, 1, mark this cluster merge.

4. If these points not only completely contain two or
more clusters in TC,.; but also contain points from
a part of other clusters, mark this cluster split-
merge.

5. If these points are from a part of two or more
clusters, respectively, mark this cluster split-
merge.

6. If these points completely inherit a cluster in TC, 1,
decide the single type of this cluster by comparing
the difference of the area and the center between
two clusters.

Part 3: Simplified Time-Series
Maps

Inputs
1. A set of polygons of administrative districts.

2. TEC = {TEC,, TEC,, ..., TEC}}, where TEC, =
{EC4, EC,, ..., EC}} is the set of evolution types of
each clusters at time step t.

Outputs

1. The grouping result of the polygons

Step 7. For each polygon at each time step t, record
the transmission clusters that intersect the polygon
and record their evolution types.

Step 8. For any two polygons, calculate their simi-
larity, which is the proportion of the week that they
share the same evolution types.

Step 9. Build a network with nodes that are poly-
gons and links that are the similarities between
polygons.

Step 10. Apply the Louvain method on the network
to group polygons.

Appendix B: Evaluation of the Time
Complexity of MST-DBSCAN

Time complexity analyses begin with building an
edge-weighted digraph that only has vertices but no
edge (Step 1) according to O(N). Meanwhile, building
a KD-Tree (Step 2) entails O(NlogN). Then, it takes O
(NlogN) to find all spatial adjacent neighborhood pairs
(Step 3). Furthermore, the cost of picking out spatio-
temporal neighborhood pairs among the preceding spa-
tial adjacent pairs (Step 4) is O(Nz) because we must
check the time lag of the spatial adjacent pairs one by
one, and the number of these pairs is proportional to
N(N —1)/2. Step 5 is a repeated process. At each time
step, all points in the dynamic data set must be checked
once to remove old points (Step 5a). That is, a point is
checked EpsT1 times during the whole process because
EpsT1 is the time that a point can exist in the dynamic
data set. Thus, Step 5a’s time complexity is
O(N x EpsT1). Moreover, because the old points at
each time step have been picked out by Step 5a, remov-
ing old pairs, the out-flow edges of these old points,
from G (Step 5b) only costs O(N). Step 5c is to add
newly appearing points into the dynamic data set. If
storing all points by a dictionary data structure whose
keys are all time steps, adding new points at each time
step t only entails a constant time. Therefore, the total
complexity of Step 5¢ is O(T), where T is the duration
of the data. In Step 5d, the total number of out-flow
edges is equal to that of in-flow edges, so the time com-
plexity is O(N?). The time complexity of Step 5e is
same as that of Step 5a, which is O(N x EpsT1)
because all points in the dynamic data set also have to
be checked once at each time to find core points.
Finally, the depth-first search will go through all edges
in G at each time step. Because each edge can maxi-
mally exist in G for the time, EpsT1 — EpsT2 and the
number of edges is proportional to N(N —1)/2, and
the time complexity in Step 5f is O(N? x
(EpsTI —EpsT2)). In summary, because the most
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important part of time complexity is the term
that has the highest order, we concluded
that the time complexity of MST-DBSCAN is
O(N? x (EpsT1 — EpsT2)).
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Restricting human movement to decrease contact probability and frequency helps mitigate large-scale epidemics.
Movement-based zoning can be implemented to delineate the boundaries for movement restrictions. Previous
studies used network community detection methods, which capture cohesive within-region movements, to
delineate containment zones. However, most people usually travel and spend most of their time in several fixed
locations, which implies that an infected person could transmit the pathogens to only a specific group of people
with whom s/he usually has a contact in frequently-visited locations. Existing network community detection
methods cannot reflect the regularity of the flow of people; thus, this study aims to use land-use patterns to
reflect trip purposes to measure the regularity of human mobility. We propose a novel network community
detection method, the Human Mobility Regularity-based Zoning (HuMoRZ) algorithm, to delineate containment
zones incorporating mobility regularity. The Taipei metropolitan area in Taiwan is used to demonstrate the
feasibility of the proposed algorithm. The spatial diffusion of an emerging respiratory disease, novel influenza A/
H1N1, is simulated for comparing three different quarantine zoning systems: (1) a minimum zoning unit, (2)
optimal zoning without considering mobility regularity, and (3) optimal zoning considering mobility regularity.
Two epidemiological performance indicators are used to compare simulation results: namely, the accumulated
infected number (AN) on the 30th day, reflecting the severity of an epidemic, and the critical time (CT), the
moment at which half of the population becomes infected, measuring the diffusion speed of an epidemic. To
measure the variety of different facility types within a containment zone, we further use Shannon’s entropy
scores, representing a self-contained zone, and the boxplot of all zones’ entropy scores, reflecting geospatial
homogeneity of life functions across zones. Our results suggest that containment zones that incorporate mobility
regularity could significantly delay the epidemic peak and critical time and decrease the severity of an epidemic.
The zoning patterns proposed in our algorithm could also allow for more life functions in a zone and more evenly
distributed life resources across zones than those of zones generated by other methods. These findings could
provide insightful implications for fighting the COVID-19 pandemic.

1. Introduction

Epidemic diffusion is usually aggravated by human or animal
movements because their movements increase the contact probability
and the frequency between infected entities and healthy entities (Fevre,
Bronsvoort, Hamilton, & Cleaveland, 2006; Mao, 2014). Thus, restrict-
ing their movements to decrease such probability and frequency helps
control and mitigate epidemics (Bajardi et al., 2011; Velthuis & Mourits,
2007). In practice, movement restriction is a common measure used to
earn time to develop effective vaccines or drugs when an emerging in-
fectious disease appears (Gensini, Yacoub, & Conti, 2004). The
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effectiveness of movement restrictions against global epidemics,
including influenza A/H1N1 (Cooper, Pitman, Edmunds, & Gay, 2006;
Epstein et al., 2007), SARS (T. Day, Park, Madras, Gumel, & Wu, 2006;
Fraser, Riley, Anderson, & Ferguson, 2004), and Ebola virus (Peak et al.,
2018), has also been proven in previous studies. Movement restrictions
are usually separated into two different modes: isolation and quarantine
(Barbera et al., 2001; T.; Day et al., 2006; Fraser et al., 2004). Both of
these two modes control the movements of infected entities, but quar-
antine also restricts high-risk asymptomatic entities, who may have
contacted infected entities, to their living neighborhoods. However,
when the number of confirmed cases grows exponentially, it is difficult
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to comprehensively trace all contacts for quarantine and further epide-
miological investigations (Fong et al., 2020; Peak et al., 2020). In this
situation, quarantine tends to focus on delineating a certain geograph-
ical area to cover all possible contacts. This mass quarantine approach,
also named containment, is the strictest approach to preventing
epidemic diffusion (Wilder-Smith, Chiew, & Lee, 2020).

Large-scale containment was implemented to control the diffusion of
the COVID-19 epidemic in 2020. The Chinese government progressively
implemented city lockdowns in Wuhan and nearby cities (Wu, Leung, &
Leung, 2020). However, citywide containment could raise two concerns.
First, widespread containment may frighten residents and cover many
individuals with no significant risk of diseases (Barbera et al., 2001;
Rubin & Wessely, 2020); thus, it could cause social panic and increase
the infection probability of low-risk individuals within the city. High
social panic may prompt people to resist quarantine policies or to flee
(Coltart, Lindsey, Ghinai, Johnson, & Heymann, 2017), which generates
loopholes in epidemic prevention. Second, containment requires enor-
mous resources, including medical and security services, to sustain the
lives of people in containment areas (Barbera et al., 2001). Although
China has successfully implemented citywide containment in Wuhan,
this approach may not be feasible in many other countries because few
countries can completely imitate China’s strategies due to different
political systems (Kupferschmidt & Cohen, 2020).

On the other hand, megacities in China, such as Beijing and
Shanghai, implemented another, less strict containment policy during
the COVID-19 pandemic: “closed-off management” (Shao, 2020). A
microdistrict (e.g., residential unit) is regarded as a control unit for
restricting people’s movement when a confirmed case appears in this
microdistrict. However, it is difficult to effectively contain an epidemic
to a small-scale containment zone, such as microdistrict closed-off
management, because exposed contacts may occur in different micro-
districts (Barbera et al., 2001). Furthermore, some infectious diseases,
such as COVID-19 or MERS, can be transmitted asymptomatically
(Omrani et al., 2013; Rothe et al., 2020). Thus, before being quaran-
tined, an infected person may transmit infectious pathogens to many
other individuals. These exposed individuals, who are not in contain-
ment zones, may become the next spreaders. In summary, neither the
citywide level nor the microdistrict level may be the appropriate spatial
scale for containment. An appropriate containment zone should include
the places where an infected person usually stays and the places where
exposed individuals frequently visit; it should also efficiently sustain the
lives of people in quarantine.

Recent literature developed a movement-based zoning approach to
delineating containment zones to confront foot-and-mouth disease
(FMD) (G.-J. Lee, Pak, Lee, & Hong, 2019). A network structure was
implemented to formulate livestock movement, where the nodes were
livestock facilities, and the links were the amount of livestock trans-
portation among different facilities. Then, a network community
detection method was used to group livestock facilities into several
communities. A community is a group of certain nodes that strongly
interact with each other but weakly interact with the nodes in other
communities (Malliaros & Vazirgiannis, 2013). If an outbreak of FMD
occurs in a livestock facility, a network community could capture the
infected facility and other high-risk livestock facilities. Thus, a network
community can be used for delineating containment zones for FMD
outbreaks.

Similar to livestock transportation, human movements from any one
place to another could also be formulated as a network. This network
reflects the aggregated movement behavior of a group of people, and a
zone delineated by existing network community detection methods
captures intensive human movements (Liu, Gong, Gong, & Liu, 2015;
Zhong, Arisona, Huang, Batty, & Schmitt, 2014). A delineated commu-
nity could include all possible contacts once an infected person identi-
fied, and this community may be a zone mixing high-risk and low-risk
contacts. Thus, the size may be too large to be an appropriate contain-
ment zone for restricting human movement. Theoretically, in an urban
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area, a person may regularly encounter identical people, including his or
her friends and some familiar strangers (Sun, Axhausen, Lee, & Huang,
2013). The reason is that most people usually travel short distances and
return to a few frequently visited locations, such as their homes or
workplaces, with a high probability (Gonzalez, Hidalgo, & Barabasi,
2008; Song, Koren, Wang, & Barabasi, 2010). In other words, most
people usually travel and spend most of their time in several fixed lo-
cations (Song, Qu, Blumm, & Barabasi, 2010), thereby representing a
spatially constrained movement pattern (Belik, Geisel, & Brockmann,
2011). Therefore, the regularity of flows of people implies that an
infected person, before being quarantined, could transmit pathogens to
only a specific group of people with whom s/he usually has contact in
frequently visited locations.

Since existing network community detection methods cannot reflect
the regularity of the flow of people, this study aims to incorporate the
regularity of urban human mobility within a city into network com-
munity detection to delineate better containment zones for disease
control. We propose a novel network community detection method, the
Human Mobility Regularity-based Zoning (HuMoRZ) algorithm, for
considering urban-scale daily routines. It is based on the map equation
algorithm, a commonly used community detection method for directed
and weighted graphs (Rosvall & Bergstrom, 2008). We use the popula-
tion flow of the Taipei metropolitan area, one of the major East Asian
cities, as a case study to demonstrate the effectiveness and feasibility of
the proposed algorithm. An epidemic diffusion model is used to simulate
the spatial dynamics of disease transmission with different movement
restriction scenarios to compare the performance of zoning algorithms.
As delineating containment zones for movement restrictions are usually
considered to be implemented to block the spread of high-infectivity
diseases, our simulation focuses on the intervention scenarios of
high-infectivity disease transmission.

2. Methods
2.1. Regularity-based partitioning algorithm

We propose a mobility regularity-based zoning algorithm for
detecting network communities. The concept is based on the random
walker’s long-term movement behaviors among the nodes of a human
movement network to evaluate any given pattern of communities. In
addition to strong interactions within a community and weak in-
teractions between communities, our objective also pursues high levels
of regular within-community movements. We adopt the optimization
approach of the map equation algorithm to optimize the number of
communities to which each node belongs. The procedure involves
finding new network community patterns by following searching stra-
tegies and checking whether new patterns can improve the objective
value. The final result is the one whose objective value is the smallest
and cannot be further improved by new patterns. For detailed de-
scriptions of the optimization procedure, refer to Rosvall, Axelsson, and
Bergstrom (2009).

The proposed zoning algorithm incorporates mobility regularity into
the objective function to find the optimal patterns of network commu-
nities. Regularity describes individuals’ daily routine movement be-
haviors such as commuting or grocery shopping (Schneider, Belik,
Couronné, Smoreda, & Gonzalez, 2013). However, a population flow
network cannot reflect individual-level trajectories, movement behav-
iors, and trip purposes. Recent studies have shown that land-use func-
tions can be used to reveal trip purposes (M. Lee & Holme, 2015; Maat,
Van Wee, & Stead, 2005); thus, we adopt the movement patterns within
land-use functions as a proxy to measure mobility regularity. The details
of measuring mobility regularity are as follows.

In Fig. 1, we illustrate the concept of estimating the probability of
each specific purpose when the random walker moves from one place to
another. The number 0.2 is the conditional probability that the random
walker moves from « to f§ given that it is currently in «. This probability
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Fig. 1. An example demonstrating how we use different land-use types to reflect trip purposes in a human movement network. Suppose that the random walker
moves to p with probability 0.2 when it leaves o; we separate this probability into three parts based on the area proportions of three different land-use types in p.
Therefore, 0.04, 0.1, and 0.06, respectively, represent the probabilities of residential, commercial, and industrial purposes for the movement of the random walker

from a to .

is then separated into three parts based on the proportion in the area of
three different land-use types in p. Each part represents a conditional
probability of a specific trip purpose. Eq. (1) and Eq. (2) denote the
general form of this estimation.

p{;ﬂ :pawa/iz;(} (l)

K
Y=, @
k=1

where a is an origin and f is a destination. p, is the probability that the
random walker visits node a. .y is the conditional probability that the
random walker goes to 3, given that it is currently in a. z’ﬁ‘ is the area
proportion of the kth land-use type in . Here, p,wqy is the total prob-
ability moving from a to 5, and we separate this probability into K parts
based on the area proportion of K land-use types so that each part can
represent the probability of a specific trip purpose.

In this study, we focus on within-community movements to measure
mobility regularity that results from daily routines. In other words,

people repeatedly go to one place for the same purpose. For example,
most people have only one fixed location for work, and people usually go
to a few familiar restaurants to have a meal. Therefore, mobility regu-
larity implies that travel for a specific purpose originating from one
place should not be evenly distributed among other destinations but
rather concentrate on just some of them. Our measurement is based on
this implication.

Fig. 2 compares two different zoning scenarios. In scenario (A), when
the random walker leaves node a, the probability of each travel purpose
concentrates on one place. In contrast, each probability is evenly
distributed on two destinations in scenario (B). To measure this con-
centration, we adopted Shannon’s entropy score. A low value reflects a
high level of concentration (Eq. (3) and Eq. (4)); furthermore, Eq. (5)
denotes the measurement of mobility regularity.

x x
H(Z’;) — Z%log ) (%) a, B € the same community 3

B a a
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Fig. 2. An example demonstrating how we use entropy to measure mobility regularity for each node. In scenario (A), a, B, and y compose a zone. When the random
walker leaves o and goes to f or y (i.e., it still stays in this zone) for a specific trip purpose, entropy helps to determine whether the random walker tends to go to one
place or go to p and y on average. The random walker tends to go to p for commercial purposes and go to y for industrial purposes. This pattern displays typical
movement behaviors. On the other hand, in scenario (B), o, 8, and € compose another zone. For every trip purpose, no clear tendency indicates the preferred
destinations when the random walker leaves , so a regular pattern of movements does not exist. Our inverse-regularity index (IR(a)) in scenario (A) is lower than the
index value in scenario (B), so this index can help indicate whether a within-zone movement pattern is regular.

ph= E phy, @, B € the same community 4
s

where pk represents the intracommunity probability that the random
walker leaves a but stays within the same community because of the kth
trip purpose. Note that we utilize only the flow originating from to its
groupmates, the nodes belonging to the same community as a, to mea-
sure the entropy. Additionally, p can equal o if self-loops exist.

Each node contains at most K entropy values; thus, we use a weighted
entropy score representing the compound effect of these K values. For
each trip purpose, we weight its entropy value (H(.Z" 'é)) by its intra-
community probability (pk) and then summarize these weighted entropy
values (Eq. (5)).

K
IR(at) = Zp’;H(\Z'I;) 5)
k=1

When the IR(a) value is larger; the movement behaviors of the
random walker originating from o for each trip purpose show more
destinations within a community. In contrast, a smaller value of IR(a)
reflects that the movement behavior toward one specific destination is
more concentrated, which represents mobility regularity. Therefore,
IR(a) can be regarded as the inverse regularity level.

Finally, combining the original objective function of the map equa-
tion (L(M)) with the summation of the inverse regularity level of all
nodes yields the objective function of our new algorithm (Eq. (6)). We
minimize the value of the objective function to find the optimal pattern
of network communities.

L(M)=L(M) + ) IR(a) (6)
To compare the zoning performance of HuMoRZ algorithm, we

compare our results with the random zoning method, which randomly
assigns locations into different zones with the same zones number of

HuMoRZ’s result. The random zoning is repeatedly simulated 99 runs to
capture the possible combinations of random assignment.

2.2. Comparing the performance of zoning methods

To check whether our HuMoRZ algorithm can delineate an effective
zoning system for infectious disease containment, we compare three
different zoning methods: (1) a minimum zoning unit (a traffic analysis
zone (TAZ), noted as “TAZ-scale™), (2) optimal zoning without consid-
ering mobility regularity (the result of the map equation, noted as
“without regularity”), and (3) optimal zoning considering mobility
regularity (the result of our proposed HuMoRZ algorithm, noted as “with
regularity”). Two dimensions are evaluated for the comparison. The first
is the effect of different zoning methods on slowing down epidemic
progression; the other is the level of self-containment (diversity of life
functions) that different zoning methods allow zones to possess.

To evaluate the effect on blocking contagion spread in an epidemic,
we simulate the spatial diffusion of an emerging respiratory disease,
novel influenza A/H1N1. The simulation is implemented under different
epidemic scenarios by a four-state susceptible-latent-infective-removed
(SLIR) model, modified from Wen, Hsu, Sun, Jiang, and Juang (2018), as
shown in Eq. (7) to Eq. (11).

B _ s - 4080 e @
A0 _ s #3400 Wﬁj D or) ®
D _ o1, — i) ©
RO o (10)
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where S;(t), Li(t), L(t), Ri(t) are the number of susceptible, latent,
infective, and removed individuals at time t and place i. N; is the pop-
ulation number of place i, and W(j, i) is the amount of human movement
from place j to place i. § is the average transmission rate defining the
transmissibility of a disease; 0 is the latent rate determining how fast a
latent case can infect others; y is the removed (recovery) rate repre-
senting the speed of transformation from infective to removed. We adopt
the same three parameters values used in Wen et al. (2018): § = 0.585/
day, ® = 0.32/day, and y = 0.09/day. We assume that the subpopula-
tion number (N;) in each place i does not change over time, which re-
flects urban daily routine movement such as commuting or going
shopping. Most people moving to other places will return to their resi-
dential places within one day; thus, the subpopulation number may not
significantly vary between different days. Recent studies also adopted
this similar assumption (Gatto et al., 2020; Tang et al., 2020). Under this
assumption, our Egs. (7) and (11) capture the dynamics of possible
pathogen transmissions when infected people move to other places in
the daytime.

To examine all possible scenarios with different initial outbreak lo-
cations, we change the initial outbreak location by turns and repeat the
epidemic simulation (a total of 498 runs, reflecting the number of lo-
cations in our study). In each simulation, the initial condition is
composed of the initial outbreak location and five latent locations. The
latent locations represent the locations with the undetected infected
persons and these locations strongly interact with the origin of the
outbreak. In our simulation, the quarantine intervention is implemented
on only one specific containment zone where the initial outbreak occurs.
Three different quarantine levels (80%, 90% and 99%) are tested to
reflect different strictness of movement restrictions. The 99% level
means that only 1% of the original travel amount is allowed to enter and
leave the containment zone and is regarded as the strictest level in this
study. Two epidemiological performance indicators are used to assess
each simulated result. The first one is the accumulated infected number
(AN) on the 30th day, reflecting the severity of an epidemic. Recent
studies also adopted this similar indicator (Malavika et al., 2020). The
other indicator is the critical time (CT), at which half of the population
becomes infected. It reflects the diffusion speed of an epidemic.

Finally, we collect all categories of point-of-interest (POI) locations,
such as government agencies, cultural and educational facilities, medi-
cal and funeral facilities, public and memorial places, life function fa-
cilities such as convenience stores and supermarkets, and transportation
facilities. Every category is further divided into several different types,
and a total of 83 subtypes are incorporated into our study. Shannon’s
entropy score is used to capture various types of POIs within a
containment zone (Eq. (12)).

nt n¥
H(P) = — Zﬁlog 2 (ﬁ) 12)

k

where nf is the number of the kth POI type in zone i, and N; is the total
POI number in zone i.

A containment zone with a high entropy value indicates that the POIs
within this zone could provide various life functions, thereby repre-
senting a high level of the self-contained zone. Thus, an appropriate
zoning pattern should ensure most zones with high entropy values so
that residents could maintain their everyday lives as much as possible,
even being quarantined.

3. Case study: Taipei containment zones
The Taipei metropolitan area in Taiwan is used to demonstrate the

feasibility of the proposed HuMoRZ algorithm. The Taipei metropolitan
area is the political and economic center of Taiwan. This area covers

Applied Geography 126 (2021) 102375

approximately 2457.13 square kilometers of land and has a population
of approximately 7.03 million, which is 30% of the total population of
Taiwan. Public transportation systems include one international airport,
three HSR (high-speed rail) stations, thirteen train stations, 125 mass
rapid transit (MRT) stations, approximately 600 bus lines, and over
1000 public bicycle sharing (PBS) stations (Ministry of Transportation
and Communications in Taiwan, 2020).

The land use data are from the National Land Surveying and Map-
ping Center (NLSC) of Taiwan for 2012. The spatial extent of this dataset
covers the major part of the Taipei metropolitan area, specifically,
approximately 1362.57 square kilometers of land and a population of
approximately 6.34 million. This dataset is a three-level hierarchical
classification system whose primary classification contains nine cate-
gories: agriculture, forest, transportation, water conservation, building,
public facility, recreation, strip mining, etc. We adopt the finest-scale
classifications because they reflect the most detailed human activity
categories and trip purposes. A total of 79 land-use types are incorpo-
rated in this study.

The human mobility data are from the fourth version of the “Taipei
Rapid Transit Systems Demand Model” (TRTS-IV), an official survey
conducted by the Department of Rapid Transit Systems (DORTS) of the
Taipei City Government in 2009. This dataset divides the entire Taipei
metropolitan area into 508 traffic analysis zones (TAZs). The average
area of a TAZ is 2.74 km?, with an average population of 12,732 people.
There are a total of 498 TAZs covered in our study, including downtown
and suburban areas (Fig. 3). The transport authority investigates the
daily number of people traveling from any one TAZ to another. It also
provides the estimated amounts of travel in 2012 (Fig. 4); thus, these
data correspond with the land use dataset on both spatial and temporal
dimensions.

4. Results

Based on the human traveling data and land use data, our HuMoRZ
algorithm separates 498 TAZs into 26 containment zones, averagely
covering 19 TAZs with an average population density of approximately
8500 people per square kilometer (Fig. 4). Fig. 5 further displays the
histogram of TAZ numbers and population density among 26 contain-
ment zones. It shows that only two zones are composed of over thirty
TAZs, and eight zones possess a high population density of over 10,000
people per square kilometer. Moreover, the comparison between our
zoning result and the random zoning method in Fig. 6 demonstrates that
HuMOoRZ can also reveal pivotal characteristics of network communities:
strong within-community and weak between-community interactions.

Fig. 7A shows the spatial distribution of different boundary types of
containment zones delineated by HuMoRZ. It shows that the main roads
(avenues) partition different zones in downtown areas, while the sub-
urban areas are partitioned by natural landforms, including mountain
ridges and rivers. Moreover, Fig. 7B shows that the significant boundary
types are Ridge, River, or Road. Fig. 8 further demonstrates the spatial
distribution and the length proportion of different boundary types of
TAZs. By comparing the proportions of boundary types between Figs. 7
and 8, the difference of boundary types indicates that the zoning result
of HuMoRZ could highlight more barrier effects, including natural
boundaries (River, and Ridge) and artificial boundaries (Road), to
restrict human movement than TAZs.

Fig. 9 compares the zoning patterns generated by our HuMoRZ al-
gorithm and the existing method, the map equation algorithm. The
difference in zoning patterns arises from whether mobility regularity is
considered in an algorithm. The map equation only considers flow in-
tensity and cycling performance. Thus, the result shows that all down-
town areas become one huge zone covering a large number of TAZs; the
other TAZs located in peripheral urban areas constitute several small
zones, which reflect isolated lifestyles in remote areas. The zoning
pattern resulting from the map equation in Fig. 9B is its finest scale; in
other words, the map equation cannot further divide the huge zone into
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Fig. 3. (A) Population density and (B) landform of the study area.

different smaller zones. In contrast, our algorithm produces similar
zoning patterns in the peripheral areas but partitions central downtown
areas into several compact zones, each of which is connected by higher
within-zone flows (Fig. 4).

We compare the progression dynamics of a respiratory disease based
on three containment zoning modes and distinct quarantine levels in
Fig. 10. The zoning pattern from the map equation, which does not
consider mobility regularity, is analogous to a citywide lockdown
because it groups the whole downtown area into one huge zone. In
contrast, every TAZ as a containment zone is similar to microdistrict
closed-off management. The scale of the zones generated by our
HuMOoRZ algorithm falls between that of these two zoning systems. The
results show that our zoning mode can more effectively slow down the
spread of an epidemic than the other two zoning modes. The effect of
delaying the epidemic peak is more significant as the quarantine level
becomes stricter. Under the strictest quarantine level (Fig. 10C), our
zoning mode can delay the peak by approximately one week. Fig. 11
shows the comparison between three zoning modes based on epidemic
severity (accumulated infected number on the 30th day, denoted as AN)
and spreading speed (the time it takes to for half of the population to be
infected, noted as CT). Through comparing the scenarios with different
initial outbreak locations and quarantine levels, Fig. 11 indicates that
the zoning result of HuMoRZ shows the lowest AN and the highest CT
among the three zoning modes.

Fig. 12 displays distributions of POI entropy values of three different
zoning modes, respectively. It shows that the regularity-based contain-
ment allows most zones to possess higher life functions (higher entropy
value) than the microdistrict containment (TAZ-scale). Moreover,

compared to the citywide containment (zoning without regularity) or
the microdistrict containment, the regularity-based containment pos-
sesses the lowest spatial inequality of the life function diversity because
of the shorter interquartile range (IQR) of the entropy values than other
methods. In other words, neither microdistrict containment nor citywide
containment can provide appropriate life functions within every zone
and raises the issues of spatial inequality of life resources.

5. Discussion

In this study, we used land-use patterns to reflect trip purposes for
measuring human mobility’s regularity and proposed the HuMoRZ al-
gorithm, which incorporates mobility regularity into network commu-
nity detection, to delineate containment zones for infection control. Our
results demonstrate more compact zones delineated by the HuMoRZ
algorithm than those generated by existing algorithms and identify
different types of barriers to restricting human movement. In other
words, artificial infrastructures and natural landforms essentially shape
the geographic extent of human mobility. Moreover, the results also
show that our zoning system can significantly reduce epidemic severity
in the early stage and has a positive effect on delaying the epidemic
peak. Our movement restriction scenario helps figure out that quaran-
tining only the initial outbreak location is not enough to contain an
epidemic effectively. Our results also demonstrate that large-scale
containment, such as quarantining all the city, is also not the optimal
measure to contain an epidemic. It is challenging to implement effective
individual quarantine for continuously increasing case incidence in the
whole city. Therefore, our results show that containment zones
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Fig. 4. The zoning result of HuMoRZ algorithm. The flows whose amount is less than one hundred are removed in this figure for better visualization. These flows are

still used in analysis and zoning.

incorporating mobility regularity have the optimal effect on delaying
peak time and decreasing the severity of an epidemic. Furthermore, the
extent of our containment zones can also reflect the high diversity of POI
types, allowing for various life functions and geographic homogeneity of
life resources among zones. In sum, HuMoRZ’s zoning pattern shows
better outcomes than other existing containment approaches in terms of
allowing a diversity of life functions and delaying epidemic peaks.

The sizes of the containment zones delineated by the HuMoRZ al-
gorithm may also be more appropriate than those generated by existing
methods. Barbera et al. (2001) argued that both large-scale and
small-scale containment are not effective approaches. Large-scale
containment, such as city lockdown represented by our
without-mobility-regularity simulation scenario, makes it difficult to
support the whole population in a city with medical and human re-
sources. While this approach was successful in confronting the
COVID-19 epidemic in Hubei Province, China, scholars argued that this
approach might not be feasible in other countries because of different
political institutions (Kupferschmidt & Cohen, 2020). On the other
hand, small-scale containment, such as microdistrict closed-off man-
agement, may miss some asymptomatically infected people and allow

disease transmissions to keep occurring outside containment zones; such
a phenomenon has occurred in the COVID-19 epidemic in the U.S.
(Parodi & Liu, 2020). The factor generating our compact zoning pattern
is the inclusion of mobility regularity, which implies that people usually
display spatially constrained movement patterns despite their poten-
tially high mobility (Belik et al., 2011). Thus, these constrained move-
ment behaviors spatially connect several local places and form compact
zones (Farmer & Fotheringham, 2011).

In the COVID-19 epidemic, Italy was the first outbreak country in
Europe, yet the government launched containment approaches too late
(Indolfi & Spaccarotella, 2020). The early inaction may have been the
result of economic considerations. The decision to implement a city
lockdown poses a tradeoff between public health and the nation’s
economy (Auzan, 2020). Our HuMoRZ algorithm may provide a solution
to this tradeoff problem. The epidemic simulation results (Figs. 10 and
11) demonstrate that the zoning pattern of HuMoRZ algorithm could
significantly reduce the case number at the beginning of an epidemic
and delay the time of the epidemic peak. This delay earns health au-
thorities more time to prepare and deploy medical resources for
implementing control measures against an epidemic (Desjardins, Hohl,
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Fig. 5. Histograms of (A) TAZ number and (B) population density of HuMoRZ’s zoning pattern.
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Fig. 8. (A) Spatial distribution and (B) Length proportion of different boundary types of the TAZs.

& Delmelle, 2020). Therefore, by blocking an appropriate zone at the environmental disinfection. Then, the epidemic could have been con-
initial epidemic stage, the Italian government could have gained more tained within the confinement zone, and the national economy may not
time to prepare prevention resources such as mask-wearing or have been dramatically affected.
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Fig. 9. Different zoning systems: (A) with-regularity (delineated by HuMoRZ) and (B) without-regularity (delineated by map equation).
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Some infectious diseases, such as MERS or COVID-19, can transmit
pathogens to susceptible hosts before symptom occurrence (Omrani
et al., 2013; Rothe et al., 2020). In other words, a diagnosed case can
infect others before the onset of illness or even any apparent symptoms;
such invisible spreaders have caused social panic in Italy (M. Day, 2020).
To identify these invisible spreaders, high numbers of testing per capita
have been adopted during the COVID-19 pandemic in many countries,
such as South Korea and Germany (Cohen & Kupferschmidt, 2020).
Nonetheless, this approach involves cost-effectiveness issues, and not all
countries or local governments can implement comprehensive screening
and testing (Cohen & Kupferschmidt, 2020). Therefore, we argue that
zoning based on regular contact patterns and delineation of the local
spatial extent of contact among individuals could help narrow down
possible close contacts and high-risk exposure to prioritize the deploy-
ment of screening and testing resources.

11

Our zoning pattern, which shows a self-contained life circle and is
geographically homogeneous, echoes the concept of functional regions
in the human geography literature. A functional region is described as a
life circle consisting of many places with different land-use types where
the residents can acquire almost all daily necessities (Philbrick, 1957).
Based on this self-contained characteristic of their region, people seldom
need to travel across boundaries to other regions, and a cohesive
movement pattern exists within each functional region (Klapka & Halas,
2016). Such human movement patterns and land use diversity allow a
functional region to act as an independent containment zone because
people can survive well without interacting with others in another re-
gion. Moreover, while the level of self-containment increases as a
functional region becomes larger, a large functional region will lose
strong inner cohesion of movements (Halas, Klapka, & Erlebach, 2019).
Therefore, a functional region cannot be either too large or too small, in
line with the aforementioned suggestion of Barbera et al. (2001)
regarding the size of a containment zone. As our HuMoRZ algorithm can
divide a region into compact self-containment zones, it could also be
appropriate for delineating functional regions.

A functional region could resemble a containment zone; however,
existing methods focus only on cohesive within-region movements and
weak between-region movements (Halas et al., 2019) and neglect
diverse land-use types sustain daily lives. The land-use patterns could
reflect different trip purposes of daily routines and are further used to
measure mobility regularity. Thus, the HuMoRZ algorithm takes a step
further to incorporate land use patterns into the partitioning of cohesive
groups of a human mobility network.

Our study has some limitations. First, our zoning pattern is confined
to TAZs, which are spatial units used in this study; these TAZs do not
have equal size, shape, and land area. Although previous studies also
delineate zones within an urban area based on small-scale administra-
tive districts (Goddard, 1970), uniform grids could be a better resolution
for calculating the movement amount between any two grids. However,
it needs to aggregate detailed individual-level travel routes from GPS
tracking data, which is difficult to access. Second, this study adopts
agglomerated travel amounts to represent residents’ level of interactions
between two different locations. It cannot reflect individual-level travel
frequency and regularity. Moreover, our travel amount only considers
the two-dimensional surface area of land use and ignores the vertical
dimensions, such as floor area in buildings and skyscrapers (Frank,
Bradley, Kavage, Chapman, & Lawton, 2008). It could underestimate the
travel amount related to in-door activities such as traveling to a
department store for shopping or traveling to an office building for
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work. Therefore, floor area data should be included to measure mobility
regularity better. Third, strangers may be in close proximity to each
other for a long time on a bus or in a subway carriage, but such contacts
do not exist if individuals use their private vehicles (Cooley et al., 2011).
In other words, people have different contact patterns and epidemic
risks based on their transport types (Andrews, Morrow, & Wood, 2013).
It warrants further investigation considering various transport types.
Last but not least, although most people move regularly, different de-
mographic groups may have different movement behaviors. For
example, the movements of women are usually shorter than those of
men (Verhetsel, Beckers, & De Meyere, 2018), and low-income people
seldom engage in long-distance travel due to the unaffordability of
travel fees or costs (Casado-Diaz, 2000). Previous studies have shown
that different social-demographic groups have functional regions of
different sizes (Farmer & Fotheringham, 2011). Since a containment
zone could be analogous to a functional region, the population structure
should be another pivotal factor to be further considered in delineating
containment zones.

6. Conclusion

Restricting human movement to decrease contact probability and
frequency helps mitigate large-scale epidemics. We used land-use pat-
terns to reflect trip purposes to measure the regularity of human
mobility and proposed a novel network community detection method,
the Human Mobility Regularity-based Zoning (HuMoRZ) algorithm
incorporating mobility regularity to delineate containment zones. Our
results suggest that containment zones that incorporate mobility regu-
larity could significantly delay the epidemic peak and critical time and
decrease the severity of an epidemic. The zoning patterns proposed in
our algorithm could also allow for more life functions in a zone and more
evenly distributed life resources across zones than those of zones
generated by other methods. We conclude that zoning with mobility
regularity could narrow down possible close contacts and high-risk
exposure to prioritize the deployment of screening and testing re-
sources. It could buy health authorities more time to prepare and deploy
medical resources and implement control measures against an epidemic.
These findings could provide insightful implications for fighting the
COVID-19 pandemic.
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15.1 Introduction

Global pandemic COVID-19 rapidly spreads to many countries, causing enormous
economic loss and many deaths in 2020 (Remuzzi & Remuzzi, 2020). Low accessi-
bility and availability of medical resources (including screening/testing, prevention,
and treatment facilities) for the at-risk populations is an urgent, important issue
in preventing and controlling the pandemic (Ji, Ma, Peppelenbosch, & Pan, 2020).
Thus, evaluating the accessibility and availability of medical resources is an essential
topic for pandemic preparedness and responses. Healthcare accessibility and avail-
ability are determined by healthcare facilities’ demand and service capacity (Wang,
2012). Floating catchment analysis (FCA) is a widely used model framework for
measuring geographical accessibility (McGrail & Humphreys, 2014), and McGrail
(2012) has comprehensively reviewed its derivative versions. In previous studies, the
spatial distribution of demand is usually assumed as static and unchanged over time.
However, epidemic-induced demand for medical resources, including the exposed
and infected population, significantly varies over space and time (Weissman et al.,
2020). Matching the availability of medical resources should consider the demand
and supply at different epidemic stages simultaneously. Recent studies considered
time-varying dynamic demand resulted from daily routines and human mobility
for measuring accessibility (Ma, Luo, Wan, Hu, & Peng, 2018; Xia et al., 2019).
Although these studies incorporated daily spatial behaviors of individuals reflecting
the different spatial distributions of demand at distinct periods, these considerations
cannot comprehensively capture the dynamic nature of epidemic-induced demand
in time and space. In other words, the dynamics of exposed and infected populations
reflect the time-varying medical demand, and spatial clusters of an epidemic may
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also shift over time. Therefore, to avoid inappropriate resource allocation, it is neces-
sary to incorporate the spatial-temporal dynamics of epidemic-induced demand into
assessing medical resource availability.

The spatial mechanic dynamics of an epidemic is usually simulated by the family
of susceptible-exposed-infectious-recovered (SEIR) meta-population models (Wang
& Wu, 2018). An SEIR model separates the population into different stages of infec-
tion, and each individual will shift from one stage to the next due to epidemic prop-
agation (Tsai, Huang, Wen, Sun, & Yen, 2011). The meta-population, the extended
concept, highlights that the propagation speed and transmission risk of an epidemic
would be different at distinct places due to local environmental heterogeneity and
human movements among locations. These local risk factors may trigger an outbreak
to diffuse across the surface (Lima, De Domenico, Pejovic, & Musolesi, 2015). There-
fore, the SEIR meta-population model framework can be effectively used for repre-
senting the spatial-temporal dynamics of an epidemic. Nonetheless, the capacity
and availability of medical resources for the exposed and infected population may
influence consecutive epidemic propagation and resource accessibilities. High acces-
sibility of medical resources in some areas may protect local at-risk populations and
reduce disease transmission. Then, these resources in epidemic-controlled areas may
provide neighboring regions to mitigate the prolongation of an epidemic spreading.
On the other hand, low accessibility may aggravate an epidemic and enlarge the need
and consumption of medical resources, which lowers resource availability.

As the dynamics of resource accessibility and the epidemic dynamic process
interact, they cannot be measured independently. Therefore, we proposed an inte-
grated mathematical model, named Epi-RA, to combine two components, including
epidemic dynamic process and resource accessibility, to measure the medical
resource availability of the COVID-19 epidemic. The epidemic dynamic process
is developed based on the SEPIA model proposed by Gatto et al. (2020). The model
considers the isolation measure, and the pre-symptomatic stage of infection, the
essential characteristics of the COVID-19 epidemic. Moreover, resource accessi-
bility is implemented from the two-step floating catchment area (2SFCA) model,
which is widely used to measure spatial accessibility (Guagliardo, 2004; Wang,
2012). The community screening/testing capacity of COVID-19 is regarded as the
medical resource availability in this study. The Taipei metropolitan area, one of the
major cities in East Asia, is used as a study region to demonstrate the proposed
model’s feasibility and effectiveness.

15.2 Methods and Data

15.2.1 Integrated Model Framework

We proposed an integrated model, named Epi-RA, which combines epidemic
dynamic process (Epi) and resource accessibility (RA), to evaluate the changing
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15 A Mathematical Model for Evaluating the Medical ... 3

ration levels of medical resources during different epidemic periods. Figure 15.1
illustrates the framework of our integrated model. It demonstrates how epidemic
dynamic processes and resource accessibility interacted with each other. Our model
divides the epidemic dynamic process into eight disease progression stages, including
susceptible (S), exposed (E), pre-symptomatic (P), severe symptomatic (I), mild/no
symptomatic (A), isolated (Q), recovered (R), and dead (D). As individuals at the
infectious stages of P, I, and A can transmit the pathogen to others, those could
reflect the epidemic-induced demand which needs to acquire the COVID-19 rapid
tests. The spatial distribution of time-varying demand can be determined from the
epidemic dynamic modeling process in time and space. Subsequently, resource acces-
sibility modeling is used to estimate the resource availability of the epidemic-induced
demand at a specific period. The matching results of resource availability influence
the succeeding transmission propagation, which can be revealed from the following
epidemic dynamic process.

'

| " :
Si(t) Ei(t) 1
: 0 :
! ' 1-TE(@)] -6 1-TP(H)]-6.(1
: Wy e I £ P il Ll Aft) l
i TP (1) '
| T TA®) | ) :
: T L e
i 1-THO)] - | [1-TA®)] - :
o, | ! E
Dj(t) I ¢ 1 Qi) ¢ R;(t) '
' ‘[1 TA(®)] - e 1-TH)]
Resource accessibility ________________________
DEMAND(t) > SAt) ) - { RN(t)
' ' N

Fig. 15.1 The framework of the integrated model. The subscript i represents a specific location,
and (t) represents the situation at time step 7. The descriptions of each parameter are shown in Table
15.1
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4 F.-Y. Kuo and T.-H. Wen
15.2.1.1 Resource Accessibility Sub-Model

The resource accessibility sub-model is implemented to evaluate the COVID-19
testing resource availability for epidemic-induced demand, including the individ-
uals in pre-symptomatic, severe symptomatic, and mild/no symptomatic stages. The
demand varies over space and time through epidemic dynamic process modeling (as
shown in Eq. 15.1).

DEMAND;(t) = vp P;(t) + v;1;(t) + vaAi (D), (15.1)

where P;(t), I;(t), and A;(t) are the number of people in pre-symptomatic, severe
symptomatic, and mild/no symptomatic stages at location i at time #; vp, v;, and
v4 denote the proportion of people who are required to be tested from these three
groups, respectively.

Based on these dynamic demands, we used the generalized 2SFCA (Wang, 2012)
to measure the time-varying spatial accessibility (SA) for every location:

LY S; f (dij)
0= ; >{=t DEMAN Dy (1) f (dij) (1>

where §; denotes the amount of resource that facility j can provide; d;; denotes the
geographical distance between location i and facility j; f(d;;) is a function trans-
forming d;; into a weight to represent the interaction strength between these two
places. We adopted the negative-power transformation ( f (d[ j) = dl.;z), which is one
of the commonly used transformations in the literature (Kwan, 1998). According
to Eq. 15.2, the accessibility varies across both the study region and the epidemic
period.

15.2.1.2 Epidemic Dynamic Process Sub-Model

The epidemic dynamic process sub-model is to simulate the spatial-temporal
dynamics of disease transmission for estimating epidemic-induced demand. Equa-
tion 15.3 shows details of our epidemic process component, which is developed based
on the SPEIA model proposed by Gatto et al. (2020):

asi _ () - S, (15.3)
dr : '
dE; —A(t)-S; — OE
dt - 1 l 1
dP;
— =0E T O+ [1-T"0]-5}P,
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15 A Mathematical Model for Evaluating the Medical ... 5

dl;
== [1—=TP®]-p-8 P —{T/) +[1 - T/ O)(s + v } i

dA;
— =0 -T"O]-a=p) 8- P T O+ [1 = 7 O] (@a +ya)}A;

dQ;
d_Qt =T @) - P+ T (t) L + T (1) - A = (ag + v0) - O

dR;
o [L=T/O] -l +[1 - TA®] - yaAi + v0 0

dD; ; "
o= [1-T'®] s + [1 = TAD)] - 0aAi + 2 Q;

In the sub-model, susceptible people (S) become exposed to infection upon contact
with infectious people (in pre-symptomatic (P), severe symptomatic (I), or mild/no
symptomatic (A) stages). The force of infection at location i at time ¢ is denoted as
Eq. 15.4:

)»i(l)=2, Bp-Pi()+B,-1;(t)+Ba-A;@) ~w(, i) (15.4)
JSj(t)+Ej([)+Pj(f)+1j(l)+Aj(t)+Rj([) Nj

where Bp, B, and B4 are the transmission rates corresponding to three different
infectious compartments, respectively; w(J, i) denotes the daily average number of
people traveling from location j to location 7; N; denotes the population number in
location j. The fraction, w(j, i)/N;, reflects how the epidemic in location j affects
the epidemic in location i through residents’ movements. In Eq. 15.4, j is allowed to
equal to i, which reflects local transmissions occurring in location i.

In our study, exposed people (E) are assumed to be latently infected. In other
words, they are not infectious until they become (at rate ) pre-symptomatic (P) after
the incubation period. For those non-isolated pre-symptomatic people, some of them
then progress (at rate §) to develop severe symptoms (I) with probability p, and some
of them may show mild or still no apparent symptoms (A) with probability 1 — p.
The people in these two stages, despite they are isolated, will finally recover (at the
rate y; or y4) or die (at the rate oy or a4 ). Similarly, isolated people (Q) also end the
process of infection with recovery or death at the rate ypora g, respectively.

Subject to the accessibility of testing reagents, some infected people who
need isolation could become non-isolated infectious people and influence the
following epidemic propagation. The geographical accessibility sub-model dynam-
ically decides these three floating proportions, including individuals in P, I, and A
stages. The estimated spatial accessibility (Eq. 15.2) represents the average amount
of resource that one individual in demand at location i at time ¢ can acquire. This
accessibility score may be more than one if a location is full of resource supply or no
large demand. Thus, we transform this accessibility score into the ration level (RN)
through Eq. 15.5:
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6 F.-Y. Kuo and T.-H. Wen
RN;(t) = min(1, SA;(?)) (15.5)

This equation ensures that RN, (¢) ranges from O to 1, with one means all demand
for reagent resources can be satisfied. Then, the proportions that infected people shift
from three infectious compartments to the isolation compartment are formulated as

Eq. 15.6:

TP (t) =vp - RN;(t) -u (15.6)
T/(t) = vi - RN;(1) -u
T(1) = va- RN;(1) -u

where vp, vy, and v4, as stated above, represent the proportion of people who are
required to be tested from P, I, and A groups; u is the accuracy of the COVID-
19 reagent. The values of T,-P 1), Ti’ (1), and Tl-A (t) not only differ among distinct
places but also dynamically change over time. Thus, Eq. 15.6 integrates spatiotem-
poral dynamics of accessibility into the epidemic dynamic process. Table 15.1

Table 15.1 Descriptions and values of model parameters

Parameter Description Value Reference
Bp Transmission rate from P to S 4.8014 *
Br Transmission rate from I to S 0.1632 *
Ba Transmission rate from A to S 0.1585 *
1/6 Incubation period 3.32 days *
1/5 Latent period 0.75 days *
P Probability to be severe symptomatic (I) 0.25 *
VI Recovery rate of [ 0.0698 *
YA Recovery rate of A 0.1396 *
Yo Recovery rate of Q 0.1047 *
o Death rate of I 0.0413 *
aa Death rate of A 0.0207 -
ag Death rate of Q 0.0207 -
vp Demand proportion of P 0.1 -
vy Demand proportion of I 0.5 -
VA Demand proportion of A 0.3 -
u Accuracy of reagent 0.9 -

Note parameter values with * mark refer to Gatto et al. (2020). The other parameter values are
assumed by the authors
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15 A Mathematical Model for Evaluating the Medical ... 7

presents detailed descriptions of parameter settings, and the settings of the COVID-
19 epidemic process refer to the study that proposed SEPIA model (Gatto et al.
2020).

15.2.2 Materials

15.2.2.1 Study Area

To demonstrate our Epi-GA model’s feasibility, we used the Taipei metropolitan
area, one of the major cities in East Asia, as the case study. Our study area covers
approximately 1362.57 square kilometers of land and has a population of approxi-
mately 6.34 million, 27.5% of Taiwan’s total population. In 2015, the Department
of Rapid Transit Systems (DORTS) of the Taipei City Government divided this area
into 543 traffic analysis zones (TAZs). The average size of a TAZ is about 2.52 square
kilometers, and the average population is 12,500. These 543 TAZs are used as spatial
units of demand locations in this study. Figure 15.2a displays spatial distributions of
population densities. The downtown area with high population density locates at the
center of our study area, and most peripheral areas have low population density.

15.2.2.2 Data

The supply facilities are represented by 22 community COVID-19 testing stations
established by Taiwan CDC (Fig. 15.2a), and these locations are district hospitals
or regional hospitals. In Taiwan, people who once contacted COVID-19 confirmed
cases or show significant symptoms, such as fever or dyspnea, can only be tested
in these official testing stations. Before the testing process is finished, people have
to be temporarily quarantined. If the testing result is negative, the person can leave
the station; otherwise, s/he has to be isolated immediately until recovering. The
testing process usually takes a few hours, which is shorter than the time unit in our
model (day); thus, we ignored this waiting time. We assumed that each testing station
provides 500 reagents for COVID-19 testing each day.

The human movement data is from an official survey conducted by DORTS in
2015, the fourth version of the “Taipei Rapid Transit Systems Demand Model”
(TRTS-IV). Based on the 543 TAZs, the daily average number of residents moving
from any one TAZ to another were surveyed (Fig. 15.2b). According to the official
report (Chou, Ko, Lee, Chen, & Lee, 2018), the error of movement amount on most
flow links are smaller than 10%, and only a few links have larger errors yet remaining
within 20%.
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® Community testing station  Population density (km square)  Flow amount (person)

[ City boundary 0 - 2500 100 - 250
2500 - 10500 250 - 500
N 10500 - 23000 500 - 1250
0 5 10 15 20km I 23000 - 36500 — 1250 - 3000
L I 36500 - 100000 —— 3000 - 5000

Fig. 15.2 Spatial distributions of a population density and locations of community COVID-19
testing stations, and b Population daily movements

20 15.3 Results

200 We presented the temporal progression of epidemic-induced demand for COVID-19
202 testing reagents, including individuals in the pre-symptomatic (P), severe symp-
203 tomatic (I), or mild/no symptomatic (A) stages, estimated from the Epi-RA model
204 (Fig. 15.3a). The temporal pattern shows the exponential growth of the demand is
205 initiated after the 20th day of the first infected person and a significant decrease in
206 the demand after the 26th day. Figure 15.3b, ¢, and d illustrates the spatial distri-
207 butions of the demand on the 20th (exponential growth), 26th (epidemic peak), and
208 32th (significant decrease) day. These figures illustrate how the demand dynamically
200 changes over space. In the initial stage of exponential growth, the demand concen-
210 trated on Taipei downtown areas (Fig. 15.3b). As the epidemic peak is reached on
211 the 26th day, not only in downtown areas but also in peripheral urban areas have
212 a high demand for testing reagents (Fig. 15.3c). In the last stage of the epidemic,
213 the demand in downtown areas declines, but the demand in peripheral urban areas
214 remains high.
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P (A)
520
3 —p
a1s —
1.0 — A
%o 5
500
= 0 20 26 32 40 60 80

B © (D

Time (day)

(D) 32th day

(B) 20th day (C) 26th day

Demand: 0-1280 1280 - 2560 [ 2560 - 3840 WM 3840-5120 M 5120 - 6400

Fig.15.3 Temporal progression and spatial distributions of epidemic-induced demand for COVID-
19 testing reagents, including individuals in the pre-symptomatic (P), severe symptomatic (I), or
mild/no symptomatic (A) stages

Figure 15.4 displays spatial distributions of the ration level of testing reagents in
three periods of an epidemic. As the epidemic exponentially grows in the initial stage,
the ration level in peripheral urban areas drops immediately, but testing reagents in the
city centers is sufficient (Fig. 15.4a). As the epidemic reaches the peak, the demand

.|

(C) 50th day

(A) 15th day (B) 35th day |

Ration level: [l 0.00-0.20 [l 0.20 - 0.40 I 0.40 - 0.60 0.60-0.80 0.80 - 1.00

Fig. 15.4 Spatial distributions of the ration level of testing reagents in three periods of an epidemic:
a the 15th day, b 35th day, and ¢ 50th day
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10 F.-Y. Kuo and T.-H. Wen

219 1s more significant than the scheduled volume of testing reagents in all the areas. The
220 volume of reagents is challenging to be provided to all the infectious people at the
221 epidemic stage. The deficit in testing reagents could underestimate cumulative cases
222 and intensify the severity of the following epidemic. In the last stage of the epidemic,
223 the downtown areas start the recovery and return to a high ration level. Most urban
224 peripheral areas are the latest ones recovering from resource deficiency (Fig. 15.4c¢).
225 Our results capture each TAZ’s ration level over time, and the changing rate is also
26 different geographically.

227 We used two indicators to measure the temporal variations of ration levels of
28 testing reagents in each TAZ (Fig. 15.4): insufficient onset time and the deficit dura-
220 tion. The insufficient onset time is defined as when the TAZ’s ration level begins to
230 be lower than 100%. The deficit duration represents the duration of the ration level
231 in a TAZ to recover to 100%. These two indicators are highly negatively correlated
232 (Pearson’s correlation coefficient r = —0.82), namely that a TAZ with a longer dura-
233 tion of resource deficit usually encounters insufficient resources earlier. Figure 15.5
23¢  depicts the spatial distributions of insufficient onset time and the deficit duration
235 across the study region. Our results indicate that regions with the earlier insufficient
23 onset and longer duration of the deficit are mostly located in the outskirt of the

Insufficient onset time (day)  Deficit duration (day)

Il 13-14 12-27 N

Il 14-15 27-35 @
15-16 135-39
16-18 B 39-42 5 0 5 10km
18-22 Bl 42-48 I —

Fig. 15.5 a The spatial distributions of insufficient onset time and b the deficit duration across the
study region
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15 A Mathematical Model for Evaluating the Medical ... 11

metropolitan. However, some downtown areas (north-west corner in Fig. 15.5) could
also have the potential of resource deficits (earlier onset and longer duration), which
could be more vulnerable than peripheral urban areas.

15.4 Discussions and Conclusion

We developed an integrated mathematical model, named Epi-RA, which combines
epidemic dynamic process and resource accessibility to assess the availability of
COVID-19 testing reagents in space and time. Our model framework captures the
dynamic nature of an epidemic. It demonstrates that the resource demand for testing
reagents and each TAZ’s ration level varies over space and time. The specific regions
with the earlier insufficient onset and longer duration of the deficit are identified.
These areas are located in the outskirt of the metropolitan and some of the down-
town areas. The results could support the health authority to implement the resource
allocation schemes for confronting possible pandemic.

Methodologically, our Epi-RA model captured the spatial-temporal dynamics
of epidemic-induced demand and proposed the integrated accessibility modeling to
deal with time-varying demand. Previous studies on measuring geographic accessi-
bility often used population census as the potential demand for resources, which is
regarded as static spatial distribution and assumed unchanged over time (Yun et al.,
2020). Population census represents population distribution in the nighttime situa-
tion and cannot reflect appropriately spatial behaviors of people seeking resources in
the daytime (Fransen, Neutens, De Maeyer, & Deruyter, 2015). Recent studies high-
lighted the importance of considering people’s routine mobility to capture more real-
istic resource-seeking behaviors in measuring geographical accessibility (Ma et al.,
2018; Xiaetal.,2019). However, their time-varying demand didn’t take the frequency
of people’s contacts into account to not capture the dynamics of disease transmission.
Our results from the Epi-RA model represent more reasonable spatial distributions of
the time-varying ration level of COVID-19 testing reagents. It could provide critical
information for the health authority to decide how effectively allocating community
testing reagents in time and space.

Our results identified some specific locations are more vulnerable to infections
due to the deficit of community testing reagents (Fig. 15.5). The low density of testing
facilities and small community testing reagents in metropolitan areas’ outskirts makes
it reasonable that exposed individuals in these areas are likely to encounter the
shortage of testing reagents. On the other hand, some downtown areas with a high
density of testing facilities also can encounter testing resource shortages. Our results
from the epidemic dynamic process reveal the areas where people more easily get
infected could result from many contacts happening in public places (Leung, Jit,
Lau, & Wu, 2017). In other words, the exponential growth of an epidemic causes
a surge of infected populations and the need for pathogen testing in a short time.
Therefore, some downtown areas may require more testing reagents than we ever
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12 F.-Y. Kuo and T.-H. Wen

expected. The finding is also consistent with the study on the accessibility of Seoul
city’s emergency rooms in South Korea (Yun et al., 2020).

The deficit in medical resources could increase the severity of disease transmis-
sion. Matching the availability of medical resources should consider the demand
and supply over space and time simultaneously. During the COVID-19 epidemic,
the health authority must allocate medical resources appropriately. Our inte-
grated modeling framework differentiates well-supplied and under-resourced areas.
Geographically, infectious disease is quickly diffused to locations which well
connected through spatial interactions. Implementing appropriate resource alloca-
tion from well-supplied to under-resourced areas could prevent vulnerable areas
from high-damage epidemic centers. Similar suggestions to confront COVID-19 are
also discussed in recent studies (Ranney, Griffeth, & Jha, 2020). The under-resourced
areas identified in this study could be enhanced by more capacity of medical resources
against a large-scale epidemic in advance. For example, locating the appropriate loca-
tions for building field hospitals (or makeshift hospitals) are widely used in many
countries to house more infected persons (Arango, 2020; Chen et al., 2020; des
Déserts, Mathais, Luft, Escarment, & Pasquier, 2020; Wallis, Gust, Porter, Gilchrist,
& Amaral, 2020). In summary, these findings from the Epi-RA model provide more
comprehensive insights into mobilizing urgent medical resources against large-scale
epidemics in time and space.

There are some limitations in this study. First, the age-structured population is
not considered in our model framework. The elderly people who are vulnerable
groups possess lower accessibility than young people because of low motilities (El
Bcheraoui et al., 2018; Horner, Duncan, Wood, Valdez-Torres, & Stansbury, 2015).
Thus, distinguishing the demand for medical resources among different age groups
could improve the measurement of spatiotemporal accessibility. Previous studies
have incorporated the age-structure into either the FCA model (Hashtarkhani et al.,
2020) or SEIR meta-population model (Tsai et al., 2011). It could be helpful to extend
our model framework. Second, socioeconomic status and transportation mode may
influence the individual mobility behaviors to access the medical resource (Kim, Kim,
Paul, & Lee, 2020) and the risk of exposure to infection (Cooley et al., 2011; Scar-
grough, Holt, Hill, & Kafle, 2019). Incorporating high-resolution geo-demographics
and contact structures into our integrated model warrants further investigation. Last
but not least, the amount of supply is assumed to be fixed in this study. The health
authority may dynamically raise the amount according to the situation of epidemic
progression (Tanne et al., 2020), thus our results may underestimate the availability
of medical resources.
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