9HUEDO ([SODQDWLRQV

VXEJGDEKLFK VHUYHV DV I5Q HRSWORIQDWHRECRIWH WKH FD
OHDGLQJWR SUHGLFWLRQVDUHE EULHFOKUXEPNG XS E\D
FDXVHG E\D VHULHV RI FRQJHRWBYKRWQY Y D\QGUUHHQ EREYV -
FRQIJHVWIORH)DPSOH RI WKHIRUPDWLRQ RI WKHILUVW SD
7TDEOH

JRU WKH RWKHU SDUDJUDSKV WZRAAWYX RIWVPHPSODW
SODWHV VHUYH WR GHGAQLEAKWKK L\ QWKW VI PP WHW DV W
ILuvw SbUDJUDSKWR GHVFULEHDGGLWLRQDO ORFDWLR
HPHQWV RIHDFKWHPSODWHDUHHTXLYDOHQWLQ WHUPYV
WKHRWKHU SDUDJUDSKV D UDQ&ZRRDMIER2SODWH IURP HDF
IHWFKHG DQGILOOHG ZLWK WKH HI[WUDFWHG FRQWHQW
DUH FRQFDWHKQDKHKBU GHU

RWKHU SBUDJUDSK

(DFK WHP.20 PMRQWDLQV WKH VDPH SODFHKROGHUV DV W
DOWKRXJK WKH\DUH ILOOHG ZLWK H{IWUDFWHG FRQWHQ
C LQVWHDG RI WKH HAV BIMFW B B FRIQ VIHQKHRRUPDWLRQ R
RWKHU SDUDJUDSKV LVJLYHQ LQ 7DEOH

TH ‘ 7
3$ FRQWULEXWLQJ ODEHO! PDFETH(‘HWCB‘IEBEIRQ!DGDR/HQDMLI‘RFQNHG ORFDWLRQ VHFRQG

PDLQ! RFFXUULQJ WLPH! GD\!ZLWKDQDYHUDJH VSHHG
RI' VSHHG! NP K~

(IWUDFWHG FRQWHQW

Sac =97:09 Kge = IUHH II@CR:Zf IHQWXUD ) U19,4D12;139; * ROGHQ 6 WD WHOpY HHZ D\
dac = F 7TKXUVGD\ g tac =( ; )

JLOOK G 7 | JLOOHG 7
S3$ FRQWULEXWLQJIUHHIORZPDQ|L}ANMWHGRQORIWEVYR PUHHADNG *ROGHQ 6WDWH )U|
DW NPV DQG RFFXUULQUIURP WR

RQ 7KXUVGD\ ZLWKDQDY
NP K~

HUDJH VSHHG RI

3DUDJUDSK &RPSRVLWLRQ

S FROQWULEXWLQJIUHHIORZPDQLIHVWHG RQ9HQWXUD )UHHZD\DW NPV DQG
RQ 7KXUVGD\ ZLWKDQDYHUDJH VSHHG RI NP K 7KHIUHHIORZDOVR DIIH
NP .

7TDEOH ([DPSOHRIRWKHU SDUDJUDSKV IRUPD\V



9HUEDO ([SODQDWLRQV

7KHILQDO YHUEDO WUDQVODWLRQ FRQVLVWV RI WKH F
JUDSK IROORZHGE\WKHRWKHU SDUDJUDSKV VRUWHG E\
WKHHYHQW WKH\GHILQH 7KHUXOHVHW JRYHUQLQJ WKF
ZLWKLQ WKH WHPSODWHV LV GHWHUPLQHKIE\ D VHULHV R
XWLOL]LQJWKH OHF KRB B G HKRHWWHYW H[SODQDWLRQ RI W
UXOHVHW LQ WKH H[SHULPHQW IQ/VBKRW VE AW ILRQ/BIB W DR
GLVFXVVHGDGGLWLRQDO HQULFKPHQWV DSSOLHG WR W|
XUDO IORZDQG H[SUHVVLRQ RIWKH YHUEDO QDUUDWLYH



&KDSWHU

([SHULPHQWDO 6HWXS

THFKQRORJ\6WDFN

7TKH H[SHULPHQXAW BRv@ @M WWKH SULPDU\ SURJUDPPLQJ OD
S\7TRU¥K@ YHUVLRQ F X ZDV HPSOR\HG IRU EXLOGLC
PRGHODQG GHILQLQJ WKHHUURUDQG YDOLGDWLRQ PHW
'%6&%$1DQG $JIJORPHUDWLYH &0 XVWHWLQY DKW §HOHF W
YHUVLRQXPS\ @ YHUVLRQ ZDV XWLOL]J]HG IRUPDWUL
ZKLOH GDWD DQDO\VLV ZBY Q& DORVHHGLWRUR XJK KH
YLVXDOL]DWLRQRIWKHVSDWLR WHPSRUDO WUDIILF QHYV
ZDV DFFRPSOLWISOGFN@IOPAUWKHURRBHQVBKWKR Q
OLEUDU\KDV EHHQ XVHGIRUJHRORFDWLRQ RSHUDWLRQ

7KH H[SHULPHQW ZDV FRQGXFWHG RQ D PDFKLQH ZLWH
SULVLQJ *% RI5%$0 DQ ,QWHO &RUH L N *+] FRU
DQ19,",$*H)RUFH 57; *38ZLWK *% RI5%$0 7KH67*11 WU
LQIJDQG LQIHUHQFH RSHUDWLRQV KDYH EHHQ SHUIRUPH
WKURXEKGXWRUFK OLEUDU\

7TRHQVXUH UHSURGXFLELOLW\ VHHGLQJ ZDV HPSOR\H
6SHFLILFDOO\ VHHG ZDV XVHG IRU WKH UDQGRP 3\WK
QXPS\ PRGXOH DV ZHOO DV IRU 3\RUFK DQG FXGD UDQG
RYHU GHWHUPLQLVWLF &XGD RSHUDWLRQWMMNKUH H[FO X\



'DWD

/2i2 " KBMBDWM M 2

'‘DWD

([SHULPHQWY ZHUH FDUULHG RXW XVLQJ WZR H[WHQVLY
0(75 /SDWDVHW FRPSULVLQJWUDIILFGDWD JDWKHUHG
/RV $QJHOHV &RXQW\@\DRIGWEDIEZD WDVHW ZKLFK ORRS
GHWHFEWRUV GDWD L&DVR XRIF®IGDIBRP QWKSHRUWDWLRQ $JH
IRUPDQFH OHDVXUHP H QWK 6\ M PBHHR) LPHDBW XVHYV WKH VDPt
VHW RI GDWD DV WKH RQH'ER R OHFW&RBQALYRW KW SRGHO 5H
UHQW 1HXUDO 1HWZRUN 'DWD "¥I@ HG HED | LIEFD)ARQAH RIK\HW
0(75 /$ GDWDVHW HPSOR\V  VHQVRUV FRYHULQJ WKH DL
JHOHV ZKLOHLQFOXGLQJWKH *OHQGDOH %XUEDQN DQ
WULFWV 2Q WKH ZHVW VLGH LW H[WHQGV XS WR WKH 6H S
IURP ODUFK VW WR -XQH WK RYHUD PRQWK S|
VSHHG UHDGLQJV DUH DJJUHJDWHG L&5190DDXWH ZLQGR?Z
REVHUYHG WUDIILF GDWD SRLQWV 2Q WKH RWKHU KDQG
FOXGHV VHQVRUV LQ WKH %D\ $UHD PDLQO\FRYHULQJ
-RVH ZKLOH DOVR LQFOXGLQJ DUHDV RI OLOSLWDV 6DQV
YDOH DQG ORXQWDLQ 9LHZ 7KH GDWD LV FROOHFWHG IL
0D\ VW VSDQQLQJ PRQWKY 6SHHG UHDGLQJV DU
DIDLQLQ PLQXWH ZLQ&ERZNIRW D WRVWDWDISRLQWYV  7K|
WZR GDWDVHWYVY ZHUH FKRVHQ IRUWKH H[SHULPHQW G XH
VRXUFH GDWD DQG WKHLU H{IWHQVLYH XVH DV EHQFKPDL
SHULPHQWYV L XOXYMWUDWHY WKH VSDWLDO GLVWULEXWL
FROQWDLQHG LQ WKH GDWDVHWYV

JRUERWK GDWDVHW WKHIROORZLQJFRQWHQW LV SUR

1 7TKHODWLWXGHDQG ORQIJLWXGHLQIRUPDWLRQ IRUH

I1$QDGMDFHQF\PDWUL[PHDVXULQJWKH VSDWLDO SUF



'DWD

RIORRS GHWHFWRUVY QRUPDOL]HG EHWZHHQ DQG

${)RUHDFK GLVFUHWL]HG WLPHVWHS WKH GDWH DQG
DORQJZLWK WKHUHIJLVWHUHGDYHUDJH VSHHG LQ PL
GHWHFWRU

D 0(75 /$ E 3(06 %$<
YLIXUH 'LVWULEXWLRQRIWKHVHQVRUV LQ WKH HI
$QDO\VLV

,Q ERWK GDWDVHWYV REVHUYDWLRQV ZLWK D VSHHG YDO
LQJ GDWD $ FORVHU ORRN DW WKH 0(75 /$ GDWDVHW UH
ZLWK PLVVLQJ VSHHG LQIRUPDWLRQ DPRXQW WR D VLJQ
IR&1% R1 DOO REVHUYDWLRQV &RQYHUVHO\ LQ WKH 3(06
FXUUHQFHRIPLVVLQJGDWD LV Q@ROZIPERD WKRZWRRAD/AV L W X
GDWD

$VVHHQ LQ )LWKHHWSHHG GLVWULEXWLRQRI0(75 /$ QR
DOHIW VNHZHG SDWWHUQ VXJJHVWLQJD SUHYDOHQFH
DQG UDUHFRQJHVWLRQV GXULQJWKHREVHUYHG SHULRC
LQGLFDWHV D VLIJQLILFDQW QXPEHU RIPLVVLQJVSHHG G
WKH SUHYLRXVO\REVHUYHG KLJK SHUFHQWDJH RI PLVVL
WULEXWLRQ RI REVHUYDWLRQ WLPHVWDPSV LQ 0(75 /$ |
GD\RIWKH ZHHN HDFKHOHPHQW DSSHDUV ZHOO UHSUHV
GLVWULEXWLRQ SDWWHUQ



'DWD

D 6SHHG IUHTXHQ@EPH RI WKHFGDDAWRH WKH ZHHN IUH
TXHQF\ TXHQF\

J)LIXUH 0(75 /$GDWD GLVWULEXWLRQ

/ILNHZLVH )IGKRRQVWUDWHY D OHIW VNHZHG VSHHG GL
3(06 %%$< QRGHV VXJJHVWLQJ LQIUHTXHQW FRQJHVWLR
0(75 /% WKHUH DUH QR SHDNV DW YDOXH DOLJQLQJ ZL\
ORZ SHUFHQWDJH RI PLVVLQJ GDWD $GGLWLRQDOO\ W
GD\DQG GD\RI WKH ZHHN H[KLELW XQLIRUP SDWWHUQV L
DQHTXDO UHSUHVHQWDWLRQIRUHDFKGD\DQG WLPH VO

D 6SHHG IUHTXHQ@EPH Rl WKHFGDDWW®H WKH ZHHN IUH
TXHQF\ TXHQF\

J)LIXUH 3(06 %$< GDWD GLVWULEXWLRQ

7KH GDWDVHWYV DUH IXUWKHU LQVSHFWHG E\ HITWUDFW
WKH WKUHH QRGHYV H[KLELWLQJ WKH PRVW VLIJQLILFDQW
SLYRWDO IRUDQDO\VLY IRUHDFK GD\ RI WKH LQLWLDO -
DOO\ DQDQDO\WLV LV FRQGXFWHG RQ WKHDYHUDJH VS
EDVHG RQ ERWK WKH KRXU RI WKH GD\ DQG WKH GD\ RI W
ILUVW ZHHN RI 0(75 /% RRZIXUMHKDW GXULQJ ZHHNGD\V WK
VSHHGVY RFFXU EHWZHHQ DP DQG SP +RZHYHU RC
ORQGD\DQG 7XHVGD\ VSHHG SLFNV XS GXULQJ RIlI SHDN
DP DQG SP 1RWDEO\ RQ )ULGD\DQG 6DWXUGD\



'DWD

VSHHGV VHHPV WR SHUVLVW XQWLO DSSUR[LPDWHO\

DWHG ZLWK WKHVH GD\V EHLQJ QHDU WKH HQG RI WKH ZH
PRUHDFWLYHGXULQJODWHUKRXUV 7KLV SDWWHUQ RIC
REVHUYHG RQ 6XQGD\ 2Q ZHHNHQGV LW{V FOHDU WKD\
HDUO\ KRXUV ZLWK VLJQLILFDQW VSHHG GHFUHDVHV VW

6DWXUGD\ VORZHU VSHHGV FRQWLQXH XQWLO SP ZK
VSHHG WUHQG GLPLQLVKHV DURXQG SP

J)LIXUH $QDO\WLV RIWKHVSHHG RI SLYRWDO QRGHV R
ZHHN

$VVHHQLQ )WXWHUPV RIKRXUO\O0(75 /$DYHUDJH VSHI
DUHWZR QRWDEOH GLSVRFFXUULQJGXULQJSHDNWUDII
S P FRUUHVSRQGLQJ WR WKH WLPHV ZKHQ SHRSOH FRF
7TKHVH SHULRGVY OLNHO\ H[SHULHQFH KHDYLHU WUDIILF I
VSHHGV DUH XQVXUSULVLQJO\VHHQGXULQJQLJKWWLPH
WREHOLJKWHU 7KHDYHUDJH VSHHG W\SLFDOO\UHPDLC
IOXFWXDWLQJ EHWZHHQ WR NP K :HHNGD\V JHQHUZL
DYHUDJH VSHHGV H[FHSW IRUORQGD\V &RQYHUVHO\ K
QRWLFHDEOHGXULQJWKHZHHNHQGYV VXJIJHVWLQJUHGHX



'DWD

D $YHUDJH VSHHG SH 3¥XHRXNIJH VSHHG SHU ZHHN

J)LIXUH $QDO\WLV RI WKHDYHUDJH VSHHG RI WKH 0(7
FROOHFWHG SHULRG

JRU ZKDW FRQFHUQYV 3(06GH $L HPWIXWKDW GXULQJ WKH .
GD\VRIWKHILUVWZHHN WKHORZHVWVSHHGYDOXHV RFI
SP FRLQFLGLQJZLWK ZRUNLQJKRXUV 6DWXUGD\H[KLEL
DUH KLJKLQ WKHPRUQLQIJDQG GHFUHDVH WRZDUGV WK
SDUWLFXODUO\QRWLFHDEOH DW DP SP DQG S
WHQG WR UHPDLQ KLIJK ZLWK GHFUHDVHV EHWZHHQ [

J)LIXUH $QDO\WLVRIWKHVSHHG RISLYRWDO QRGHV R
ZHHN

$V GHSLFWHG LOVMKAXSHDN YHORFLWLHV LQ 3(06 %$%$< F



'DWD

QLJKW ZKLOH WKH ORZHVW SRLQWY DUH HYLGHQW GXUL

SP $VDQWLFLSDWHG ZHHNGD\V H[KLELW ORZHU DY
EHORZ NP K 2Q ZHHNHQGVY WKH DYHUDJH VSHHG ULV
7KLV DOLJQV ZLWK H[SHFWDWLRQV DV WUDIILFIORZ LV X
+RZHYHU WKH GLVSDULW\LQ VSHHG EHWZHHQ ZHHNGD\
VWDQWLDO

D $YHUDJH VSHHG SH3$¥XHRXWIH VSHHG SHU ZHHN

J)LIXUH $QDO\WLV RI WKHDYHUDJH VSHHG RI WKH 3(0¢
FROOHFWHG SHULRG

S3UH SURFHVVLQJ

7KHH[SHULPHQW LQYROYHG SDUWLWLRQULQDIERWK GDWE
L Q J WyA\WD§ D O L G DDV bR Q WHEWDA, VAW HQ WKH WLPH VHULHV Q
WXUHRIWKHGDWDVHWY WKHVSOLW ZDV SHUIRUPHG VH'
WLDO VSOLWWLQJ HQVXUHG WKH SUHVHUYDWLRQ RI WH
GDWD OHDNDJH E\ PDLQWDLQLQJ WKH RUGHU RI REVHUY
WKXV DYRLGLQJ WKH VKXIIOLQJ RI IXWXUH DQG SDVW G
GLYLVLRQ RI WKH GDWDVHWYV DOLJQV ZLWK WKH PHWKRGC
> @ ,WLQYROYHV DID® R FR BALIQU YWDRHLERWYWR IRUP WKH V
DwiviKLOH WKH WUDLQ DQG YDOLGDWLB@\SHRWY DUH H[W U
WLRQV ORUH SUHFLVHO\ ZLWKLQIMKIHWBQQRWLWE GR U W
WR FRQVWUXFW WX¢d 0OBIOLYE QW B0 RIGWHKIEDWUDLQLQJ

VHDNMDbLq
$IWHU GLYLGLQJ WKH GDWDVHW LQWR WKH WKUHH VHJ



'DWD

JHQHUDWHG E\VOLGLQH*OZRERYMRP SOBWKTXHQFH VSD(
WLPH VWHSV ZLWK PLQXWHML@WM HWWHSOAND U K K6 HY LWQ D O |
LQSXW GDWD IRU SUHGLFWTRQWH 3 K LLOHS W K Y H/QXN\E WHKTEK B!
WUXWK ,Q WKLV R [BESLPHYWWERRVK WLPH VWHSV HVWD
IRUHFDVWLQJDSSURDFK WKDW XWLOL]JHV RQH KRXU RI K
WKH VWDWH RI WKH WUDIILF QHWZRUN LQ WKH VXEVHTXH
DUH WKXV EXLOW DV DX BW ® WIKHKRWILHMWBRQBH D J JUR X C
Y (DFKLQSXWRRVWHQFH WKUHH GLPHQVLRQDO PDWUL
LQJWKHLQSXW W UTDH LR FAQKHHVQZXAPUENH DJLRN K QIS KMHW LPHV W H S
QXPEHU RI WUD IFLVFIQHRGXREHQCR | IHDWXUHV 7KH IHDW XU
QRGHDW HDRX2ARFP BN W®H[S;::;11] LV DQ LQSXW WLPHVWHS D
Vi LVD WUDIILFQRGH LVD YHFWRUFRPSRVHG RI IHDWXU

17KHILUVW HOHPHQW RIWKH YHFWRS{) RY WHKH UHJLV W F
QRGBWGLVFUHWIL]HG WLPHVWHS

t7KHVHFRQG HOHPHQW LV WKH HQFRGLQJRI WKH WLP
EHWZHHQ DQG ZKLFKLVH[WUDFWHGIURP WKHGDW
t VXFKWKDW

X! [1] = KR®UBO+ P L QW H

23 60+59

ZLWK(®PXIXQFWLRQ WR HIWUDFW WKHBEK@&U DW WKH J
PLOQWWWKH IXQFWLRQ WR H[WUDFW LWV DVVRFLDWHG

$7KH ODVW HOH RGIWKRIW HRQKEL GD\ RI WKH ZHHN

DVVRFLDWHG Z IDADOWEZRP B Y WRHUSD XQLTXH ELQDU\ VHTX
GLFDWH ZKLFK GD\LVDVVRFLDWHG ZLWK WKDW VSHFI
LI WKH VHT¥H@FM-LW- y- y- RW VLIQLILHV WKDW WKH V
VWMHSRUUHVSRQGV WR 6XQGD\ (DFK GD\ Rl WKH ZHHU
XQLTXHELQDU\ SDWWHUQ SURYLGLQJLWY FDWHJRU

IRWHWKDW QR IXUWKHUWLPHLQIRUPDWLRQ VXFKDV W]
HIWUDFWHG IURP WKH WLPHVWHS DQG DGGHG WR WKH LC



67*11

ZDV GHOLEHUDWH DV WKH WLPHVSDQ FRYHUHG LQ ERWK
PRGHOV WR EH WUDLQHG WR OHDUQ IURP VXFK SDWWHUQ

2Q0 WKH RWKHU KDQG HDFK JUR2®RE WUKWR RI DQ LQV\
WKUHH GLPHQVLRQDO PDWUL[ GHVFULPEQJ WKH RXWS XV
WKH QXPEHU RI RXW SNXWKHLOKRFEHHE R IDQGD I ILF QRGHV
PDWUL[ WKH ODVW GLPHQVLRQURFRDBRGQIRGIHUH JLV W H L
WKH UHVSHFWLYRWH RHDWHSKH HQFRGLQJ RI WKH WLPH
DEVHQW LQ WKH JURXQG WUXWK DV WKHIRFXV RIWKH 67
LQIRUPDWLRQ LQ WKH WUDIILF QHWZRUN DQG WKH I XWX
GLUHFWO\IURP WKHLQSXW WLPHLQIRUPDWLRQ

(DFKRIWKHWUDLQ YDO LI DWW R X\DIQ®@ I/V&I® WG DIWDIHVGHD
VHWRILQVWDQFHV PR @W D IWQG K\ FIQLSEHA GMKWMD. Q S X W W U D
G DWWKHNLBMWWHSYV DQG YURMN Q@ WUXWHH\D WDI I LF QH W 2
P DW IXWWUPHVWHSY VXFK WKDW

ZLWKHLQJWKHQXPEHDRILQVWDQFHV LQ

67*11

, QWKLVVHFWLRQ WKH K\SHUSDUDPHWHUV RI WKH XVHG 6
LQIJDSSURDFKDUHGHVFULEHG

+\SHUSDUDPHWHUYV

,QWKHHPSOR\HBEKA*KLGGHQ IHDWXUHV RI WKH LQLWLDC
WKH®6 *11 OD\HUV DQG RI WKH *58 OD\HUV DUH VHW WR

SRVLWLRQDO UHSUHVHQWDWLRQ RIWKHQRGHV REWDLQ
OD\HUVLVREWDLQHGE\DVHTXHQWLDO IHHGIRUZDUG QI
OLQHDU OD\HU ZLWK WKH VDPH QXPEHU RILQSXWDQG R.



67*11

DQRWKHU OLQHDU OD\HU ZLWK DQ RXWSXW GLPHQVLRQ ¥
QXPEHURIDWWHQWLRQ KHDGV RIWKHWUDQVIRUPHU OD)
RI KLGGHQ IHDWXUHV XVHG |RU MRIR S OWIGQY DADKKHH VX H U L H
VY Rl HDFKVQIRGHHDFK DWWHQWLRQ KHD/GVRIMVIK\H WUD QV I F
)LQDOO\ WKH RXWSXW OD\HU RXWSXWLQJ WKH SUHGLF\
QHWZRUN FRPSRVHG RIWZR OD\HUV 7KHIRUPHU OD\HU K
DQGLVIROSHREHRNEOLQHDUDFWLYDWLRQIXQFWLRQ 7K
RXWSXW GLPHQVLRQ DV WKH 67*1ASRIHGLFWY DQ RXW S
FRQWDLQLQJ IRU HDFK QRGH Rl WKH WUDIILF QHWZRUN
YDOXHRILWY SUHGLFWHG DYHUDJH VSHHG

TUDLQLQJ 3URFHGXUH

7ZRGLIITHUHQW 67*11VDUHWUDLQHG RQHRQWKHO(75 /4
VHFRQG RQ WKH 3(06 % ®wWWPR YIUPILQERB/EKFP RGHOV

LV XVHG DV DQ RSWLPL]HU 2LDKG ZHHD. U K&/ QEHFDW H
7KHWUDLQLQJ HS®WAFRY BEEWKIRPWGHOV DQG WKH WUDLQLC
DUHVKXIIOHG DWHDFKHSRFKWRLQGXFHDPRUHJHQHUL
UHGXFHRYHUILWWLQJ )RUO0(75 /$DEDWFKVL]HRI LV
ZKLOHIRU 3(06 %$<WKLV SDUDPHWHU LV VHWDV  7KHH
LLVWKBQ $SEVROXWH (IMKIRIXQ@PBWLRQ FRPSXWHV WKH DYt
WKH DEVROXWH HUURU LQ HDFK EDWFK EHWZHHQ WKH VS
Y2Y GHVFULELQJ WKH SUHGLFWH O R WSXW WRMXQEAF Qt
WUXWKYYVBHHGNVFULELQJ WKH DFWXDG RXQWABKHMV WUDIILF
FRPSXWDWLRQWKHQRGHVKDYLQJPLVVIYQJJURXQG WUX
fs' js' 2Y, 60gDQMG=f8" j& 2YVi"s'2YBE0g VXFKWKDW

X
08 (V)= o Y ¥
i=1

ZLWKEHLQI WKHQXPEHU RIEDWFK VDPSOHYV
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9DOLGDWLRQ PHWULFV DUH FRPSXWHGFBP WKH UHV SH
WHU HDFK WUDLQLQJHSRFKLVYFRPSOHWHG WR PHDVXUH
PRGHO RQ GDWD QRQ XVHG IRUWUDLQLQJDQG WKXV D
LV REWDLQHG DV WKH DYHUDJH HUURU EHWZHHQ WKH VS
¥ 2Y DQG WKH JURXQ® WY RWE WS MHKEVLQVWDQFHV RI WK
LGDWLRQ GDWDVHWY 1RGHV KDYLQJPLVVLQJJURXQG V
WKH FRPSXWDWLRQDV LW LV GRQH IRUFRPSXWLQJWKH
YDOXHV LQGLFDWH EHWWHU SUHGLFWLRQ SHUIRUPDQF]I
YDOLGDWLRQ PHWULFV DUH XVHG

T7KBBHDQ $EVROXWHRRRE&XWHG DVLQ WKHORVV IXQFWL
(TXDWLRXLVY PHWULFLVPRUHSXQLWLYHRQVDPSOH?
SUHGLFWDQG LWLV PRUHVXLWDEOH WRPHDVXUH WE

1 7TKHRRW OHDQ 6 TXDUHG GHURQHG60®BY WKH URRWHG DY
VITXDUHG GLITHUHQFH EHWZHHQ WKH SUHGLFWHG YD (

o<

L X (Y, Y2

506 (Y;Y)= N
i=1

7TKLVPHWULF SXQLVKHV PRUHXQSUHGLFWDEOHVDPS
RYHUILWWLQJPDLQO\RQ WKRVH

ftOHDQDEVROXWH SHUFHQ@WDRK HRIQWRW BYI(WKH SHUF
DJHRIHUURUV WR JURXQG WUXWK DV

100Xy, Y
0$3(Y;Y)= 1
N o Yi

$ FKHFENSRLQW PRQLWRULV XWLOL]JHGWR VWRUH WKH EH
GXULQJYDOLGDWLRQ ,WVDYHVDMKW KIH HBKRW K RQVY K HFK *
WKHPLQLPDO VXP RIYDOLGDWLRQ PHWULFV LV REWDLQH

DUJPLLQisrP&( (Dyvps 506(,(Dvps 083 (,(Dvdo



67*11

ZKHUH 0$606( DQG 0$3DUH WKH PHWULFV DRPSXWHG IUR
HSRFRKHWUDLQHG PRGHOV DUH XOWLPDWHO\HYDOXDW'H
IRUYDOLGDWLRQRQWKHUHVSHFWLYHWHVW GDWDVHW)\
UHVXOWY RQ GDWD WKDW KDV QRW EHHQ HQFRXQWHUHG

$GGLWLRQDOO\ WKHVSHHG IHDWXUNWQ Y&BUW®SXW G
VED ®HQRUH EHLQJIHG WRWKH67*11 7KHUHPDLQLQJLQS
WLPH RI WKH GD\DQG RQH KRW HQFRGHG GD\ RI WKH ZH*t
FHVVHG DV WKH\ DOUHDG\ OD\LQ D VSDFH EHWZHHQ DQ
LQ VWDELOL]LQJ WKH WUDLQLQJ SURFHGXUHE\PLWLJDV
GDWDVHW IHDWXUHV H[LVW RQ YDU\LQJ VFDOHV 1HXUD
WR OHDUQ ZKHQ DGMXVWPHQWY WR ZHLJKWV DUH UHT XL
IHUHQWO\ FDXVLQJLQVWDELOLW\LQ WKHWUDLQLQJ SU
VSHHG LQSXMVIFPMEXWHH G DV

ZKHUH WKHPHDQ YDOXHRIWKHVSHHG GLVWULEXWLRQ K
VSHHG YDOXHV LQ WKH ZKR O HDUH Y&HFWW WHKWUHDLQLQJ G
WLPDWHG VWDQGDUG GHYLDWLRQ RI WKHVSHHG GLVWUL
GHYLDWLRQ RI WKB WS BHEHYWDWKXKHWRQGHOV LQIHUHQFH W
YDOXHVRIWK## BUHGURXURYVEDFN WR WKHLU RULJLQDO

§=4" ~+~

7KLV IXDUDQWHHVY WKDW WKH SUHGLFWLRQV DUH H[SUH
WKH ORVV IXQFWLRQDQG WKH YDOLGDWLRQ PHWULFV DI
ZLWKIHDWXUHV DW WKH VDPH VFDOH



([SODLQHU

([SODLQHU

7KLV VHFWLRQ GHWDLOV WKH VHOHEWLRQRIWKHK\SHUS
DOJRULWKP LQ RUGHU WR B[ WQ VKW B/ H GROCWS-DOMHYH QLVF
ZRUBIVZKLOH LOOXVWUDWLQJ WKH HPSOR\HG HYDOXDWL
FOXVWHULQJ UHVXOWVY 7KHQ LW ZLOO GHOLQHDWH WK
SURDFK IRU WKB GIRIDZILQHUWKH PHWULFV XVHG WR HYDC
WDQW VXEJUDSK R G/W K IRXMKIK VWD XFOUNH[SODQDWLRQ
LW ZLOO LOOXVWUDWH WKH SDUDPHWHUV XVHG LQ WKH ¢
FRQWHQW H[WUDFWLRQ RI WKH HGHQORQR ZWW K IWKIR UW
HYDOXDWLRQ DSSURDFK XVHG

2XWSXW (YHQWV 6HOHFWLRQ 6HWXS

(YHQWYV VHOHFWLRQ LV SHUIRUPHGB\WHYILBWAG WK H WU
WKH67*1LIQWR VHSDBDIKLFRGSWHWRUNEH LPSRUWDQW HYH
DVFRQJHVWLRQV RUIUHH IORZV 7KHVHEFOXVWHUV VKR
FORVH LQ WLPH DQG VSDFH DQG ZLWK ORZ YDULDQFHV F
RI WKHP VKRXOG EH DV GLVVLPLODU DV SRVVLEOH WR W
SHUIRUPHG E\DSSO\LQJ WKH '%6&$1 DOARUQWEP RQ WKH
GLVWD Q WNHIPPR\QULD O OGRGH FHRDVXUH RI GLVVLPLODULW\
7KH K\SHUSDUDPHWH L\T BR M &/ &SI DUNVKH PD[LPXP GLV
WDQFH EHWZHHQ WZR VDPSOHV IRURQH WR EH FRQVLGH!
RI WKH RWHKEBN bDIQTR PP HO\ WKH QXPEHU RI VDPSOHV LQ
ERXUKRRG IRUD SRLQW WR EH FRQVLGHUHG DV D FRUH S
FOXVWHULQJ RI WKH SUHGEFWH & RWE 10 (F5Q 8 \B DRSU N V
3(06 %$< WKH VHOHFVHIA@35D 0 KHYHRUKH GBRIEHU R
b KTHRY VBWORWHRYHU WKH VSHHG GLVWDQFH PDWULJF
GLVWDQMHLADRWWHIL[ZHLIJK WHRIEN R WIEFRRMRKUO (75 /$ DQG
3(06 %$W 2TIDQIGBM b KDH2DWXQHG E\ SHUIRUPLQJ JULG \
RQ WKH SUHBEWWLRAQ BAKH W U D LI QJoGDWDVHWYV



([SODLQHU

(DFK FRPELQDWLRQ RI K\SHUSDUDPHWHUYV ZDV HYDOX
IROORZLQIJPHWULFVRQWKHFOXVWHULQJUHVXOWYV

f:LWKLQ FOXVWHW PBIDVXQFNW WKH QRUPDOL]HG YDULI
WKH IHDWXUHV Rl WKH VDPH FOXVWHUV ZHLJKWHG E
7KH ORZHU WKH UHVXOW WKH EHWWHU DV LW GHQRW
HOHPHQW ZLWKLQ WKH VDPH FOXVWHUV LV KLJK ,W L
SUHGLFWLRQ ZKLOH FRQVLGHULQJ WKH VSHHG DWW
REWDLQHG FOXVWHUV DV
WCV = pt Tz ?

626N ?
ZLWKEHLQI"WIOHKKVWHU LQ WKH $UN GHR\YHB &V RHW ZRU N
QXPEHURI & P@BWIKH VSHHG YDULDQFAMIDPRQJ LWV QF
WKH YDULDQFH DP&QJDOO QRGHV RI

7TKH ZLWKLQ FOXVWHU YDULDQFH LV DYHUDJHG DFUR
HDFK SUHGLFWHG QHWZRUN RI WKH HPSOR\HG GDWD\
DUHIODJJHGDV?:QRLVH E\"%6&%$1DUHH[FOXGHG IUR

F&OXVWHU 'LVVWRPHOIOIMNXUWWHY WKH GLVVLPLODULW\DPRC(
RIGLITHUHQW FOXVWHUV 7KH KLIKHU WKH UHVXOW V
WKH GLVVLPLODULW\ RI HDFK HOHPHQW ZLWKLQ GLII
LVDSSOLHG RQHDFKFOXVWHUHG SUHGLFWLRQ ZKLO
WULEXWHV RI WKHQRGHV RIWKHREWDLQHG FOXVWH

P P . :
cD = _ Gitgtitet Ni N2 J 1 2

6:626Gs6 N1 N2

ZLWKEHLQIWEKO-KVWHU LQ WKH U EHAV@H & RHW ZRUN
QXPEHU RI QFD@HBWIKH PHDQ VSHHG DPRQJ LWV QRGHYV

7TKHFOXVWHU GLVVLPLODULW\LVDYHUDJHG DFURVV
SUHGLFWHG QHWZRUN RI WKH HPSOR\HG GDWDVHW



([SODLQHU

IODJIJHG DV3:QRLVH E\ '%6&%$1 DUHH[FOXGHG IURP WK

+1RLVHS5PWRRDVXUHV WKHUDWLRRIWKHQRGHV FODV
'%68&%$1 LQ D SUHGLFWHG WAKH IQ R ZHMWEZRUW YD O XH W
EHWWHU DV LWPHDQV WKDW PRUH QRGHV DUH DVVLJ
UDWLRLVDYHUDJHG DFURVVDOO FOXVWHULQJUHVX
RIWKHHPSOR\HG GDWDVHW

'%6&$1 KDV EHHQ DSSOLHG IRU ERWK 0(75 /$DQG 3(06
SUHGLFWLRQV RIHDFK LQVWD QFHR} PP K CEOMDIVRIQV QD
Dvp@ QG W BV WIKHREWDLQHG FOXVWHUHGHYHQWV RIHDF
VIDWKDYH EHHQ FROOHFWHG LQWR WKUHH GLITHUHQW VH\
VHYHUH FR Q QHVOAHVRFRIQ EH DMDICRWYKH ODWWHU FRQWDLQLQ
RIUHH IRIRZYDIILFE 7KH UXOH DS S& WHRGDWFS B 7 I/ LLIFQVIHQVH Y
FRQVLGHUV WZR Vi$ BDIRGWKEKHVKRW® G V

VHYHUH FRQUHVIWLRQ

G =

FRQJHVWLRQL< | t,

VWA AR/ 0O

“IUHH;IORZ RWKHUZLVH

ZKHYHV WKHDYHUDJH VSHHGGR |, WIGHWOD DO LW R IR B/HW HY K F
KDYH EHHQ VHOHFWHG DV WKH RQHV GHILQHG LQ WKH RI
UHSRUWWEDWWRHQW RI 7UDQVSRUWDAVLRQ ERSDKOLIRUQ
0(75 /1$DQG3(06 %%$< WKHWKUHVKR®GVRUEMHYWUH FRQJ|
PLOHV SHU BERNKRWVRSHU KRXU ZKLOH WKH, RGN HRW D FRQJH
DBO PLOHV SHU KRX9 WPDOHQ KRXU

JRUERWKO(75 /$DQG 3(06 %$< WKUHHBRWRVHWYV DUH
DypD @G,y /(PFKRI WIHFRYWWNVQV DQ HTXDO QXPEHU RI VHY
JHVWLRQV FRQJHVWLRQVDQGIUHHIORZV ,QSUDFWLFH
D LVGHVFULEHG E\DGSUBOLFA/WEHDBMPRFLDWHG LQSXW



([SODLQHU

QHWZBRWKDW OHG WR WKE\S UHKG KPWK RW R |

ZKHUHY WKH QXPEHU RO L QKW MXPHEWU®RI HYHQWYV VHOH
LQ HDFK GDWDVHW KDV EHHQ FKRVHQ LQ RUGHU WR UHIO
RULJLQD ® GUAWPVEWMwWQ SDUWLFXODU IRU ERWK 0(75 /$
3(06 %$999LQVWDQFHYV KD YIH,f §98 QRRIYJHEBER LR U

Dywhvwi HDFK BDWQMKMM(LUG RIHYHQWY DUH VHYHUH FRQJF
DUHFRQJHVWLRQV DQG RQH WKLUG DUH IUHH IORZV 7K}
EHHQ HPSOR\HG LQ D ZD\ WKDW WKH VDPSOHG HYHQWYV D'
PXFKDVSRVVLEOH LQRUGHUWRJXDUDQWHH WKHPDI[LP
LQVWDQFHV LQ WKH GDWDVHWYV

ORQWH &DUOR 7TUHH 6HDUFK 6 HW XS

7KH 0&76 HPSOR\HG E\ WAKRPISPSWOIBDY QHIWREDO KHXULVWLF
WKH WUDIILF QRGHV RI W IGHDIQES WWHNQUPGH ¥ RHWZBHG L F
HYHQW W& H[WAREMDD L Q \G 5 M KIEQBHFURMVHO HFW L QJ WK H
WRSVFRULQJ QRGHV DFFRUGLQJ WR WKH JOREDO KHXUL
ORFDOL]HG®READBRXWSXWYV DQ L B RGWNAEKWYW XEJUDSK
VHUYHV DV WKH H[SOBQDWLRQ RI WKH HYHQW

7KH K\SHUSD UDFIR-OWHUGOR L Q L Q J WUk RG] W R H
VSDUVLW\WKUHVKROG GHVFULELQJWKH RD[LPXP VL]HR
2WKHU K\SHUSDUDPHWHUV LQFOXGHGOMRN HFBLORWRW IR Q
WKH H[SORUDWLRQ LQ WKRIOGR & O/RKNVY XWPESHUIRUP DQ
YDGXWHKDW LV XVHG WR VXEVWLWXWH WKH VSHHG YDOXH
OHDI RI VBK b YWRUHM(75M$ LV VHOHFWHG DV GRXEOH WKH Y
NN ZKLOH WKLV K\SHUSDUDPHWHU LV VHW DV GRXEOH WK
WKH HY HQWGEW R$ I8 [BLOMLLRXQ/DOHIVDDFGD S0 )LQDO O\
sLV VHW WR WKH RULJLQDO YDOXH XVHG WR GHILQH P|



([SODLQHU

RIWUDIILF QRGHV 7KLV YDOXH KDV EHHQ DGRSWHG VLQ
GDWD LQ 0(75 /$ LV TXLWH KLJK CDVQWGHWMRH @7VHEW LR Q

LV ZHOO WUDLQHG LQ RUGHU WR UHFRJQL]JHPLVVLQJ GD'
SUHGLFWLRQV GHVSLWH LWV HRY BY\WBZH<W K WKH VDPH F
DVLQO(75 /$ \ZKYOHW DV WKUHH WLPHV WKH VL]H RI WKH
LV VHOWDERG DJDI5Q BWZH¥HYW QRW VHW WR DV WKH IUHT)
RIPLVVLQJ GDWD LQ 3(06 %$< LV LQVLJQLIXADQW DV VHH
WR WKLV UHDVRQWWEBH®HGIRQ 3(06 %$< GDWD LV H[SHFW
DEOH WR KDQGOH FRUUHFWO\ PLVVLQJ GRBH VSHHG LQI|
HDFK UHPRY DGQREPRIGLWHVSY W DWH[SHFWHG WR FRQIXVH
LW DV DQ RFFXUUHQFH RI VHIY\H UH ¥ B JHY WRORD RTKBR/X Q
YDOXH RI WKH VSHHG G bV WKHEKA\WHRSDQDPH®\HUV DUH W
E\SHUIRUPLQJD JULG VHDUFK R®@ Wit HPLRXVSRIVYEBEQ R 1 WK h
FRPELQDWLRQ RI K\SHUSDUDPHWHUV ZD&HXDMXDWHG E
RQ WKBI,WHWRQJ ZDWHKWKH H[SODQDWLRQ WLPH

I)LGHOX*W\ ,W FRPSXWHV WKH GLIITHUHQFH LQ DEVRO
SUHGLFWLRQV REWDLQHG XVLQJWKHZKROHLQSXWJ
XVLQIJWKHLPSRUWDQW VXEVWUXFWXUHRIWKHLQSX
QDWLRQ 7KHORZHU WKHPHWULF WKHEHWWHU DV W
WKHLPSRUWDQW VXEJUDSK LV PRUH VXIILFLHQW WR

X
JLGHBLW\ (&) (G
i=1

'KHUHV WKHPRGHO FRP SXW3 @KXW XWHIGIIFSKL R Q V
G WKHLPSRUWDQW VXEJUDSK VHNWWIOH QX PMESIODQDWL
RILQVWDQFHV XVHG WR FRPSXWH WKH PHWULF

,Q WKH WKHVLY ZRUN WKLV PHWULF LV DGDSWHG IRU
SXWHV WKHDYHUDJH HUUEB ZRE OWDFKR QMW DO PHS
GLFWHG HYRQWBAVSBHGING E\ IHHGL @1 WK M BF*11

ZKROH LQSXGV DAIGWRBNJH SUH G IYF WVRHEGVIDY. D ®IW V S H H



([SODLQHU

E\IHHGL QIXWR WKH LPSROUWRK® AHAWXEBELIB DN KXV HT XL
DOHQW WR WKH FRPSXWDWLRQ ROV RO GLVEHWZHHQ F
DFWXDOO\H[SUHVVHG DV

X
(¥ i)

i=1

)L G H G LB\ =r\11

:KHWHD UH WKH QXP EHUR)HAHOW B QFHRQLILQDO SUH
GLFWHG VSHHGV R W& HD MY LHEWWE,R, FEHB® D L Q

DUHWKHUH SUHGLFWHG HYHQW X'8HGIGN RV W WHK H Y H G
LPSRUWDQW REBIUMEGKE | URP

Ff$YHUDJH ([SODQDWLRHDMPHHYV WKH DYHUDJH WLPH H
WR RXWSXW WKH L BSR UMW D QI\D VKK E@Y BRI FH RI

7KHJRRGQHVVRIWKHUHVXOWYV RI WKHHLHQBQDWLRQV K
DywuviWKH VHOHFWHG PHWULFV DUH

$1)LGHOBRWPSXWHG DV WKH DY H¥DD&GFORBQEH® ZHH Q
HULQJ DOO W KRH WEWVGIDAWIHWHW DV SHU (TXDWLRQ

ORUHRYHU PRGLILFDWLRQV KO YWKEHHAHIDNUVR ARG OL
VLGHUHG E\ XVLQJ GLIITHUHQW HUURU PHWULFV QDF
506( LVWKHILGHOLW\FRPSXWHG XVLQJWKHJ506(DV

1N
N i

o<

506( = ¥ Y)?

0$3( LVWKHILGHOLW\FRPSXWHG XVLQJWKHO0$3(DV

f)LGHOXW ,W FRPSXWHV WKH GLIITHUHQFH LQ DEVRO
SUHGLFWLRQV REWDLQHG XVLQJWKHZKROHLQSXWJ
XVLQI WKHFRPSOHPHQW RI WKHLPSRUWDQW VXEVW



([SODLQHU

WKDWVHUYHVDVH[SODQDWLRQ 7KHKLJKHU WKHPH)
QDWLRQGHVFULEHG E\WKHLPSRUWDQW VXEJUDSK L\
WKH SUHGLFWLRQV

X
)LGH@ELé‘V\ GCG) (9N
i=1

'KHUH.VWKH PRGHO FRPSXW3 QKW SWHIGLLFSKL R Q V
G =G6GnG WKH FRPSOHPHIQRM RUWRIW VXEJUDSK VHUYL
H[SODQDMW MWKMIMXB®EHU RILQVWDQFHV XVHG WR FRPS

,Q WKH WKHVLVY WKLV PHWULF FDOFXICHHWHV WKH DYt

WZHHQ WKH RULJLQDOO\ $UIBGEIUAWHG HYRIRQWKHSHE G

WLUH LQS)XCWHEHMWRRR W K HDBGGIWKH UH SUHGLFWHG H»

VSHRGVREWDLQHG E\ IHHGLQJ RQO\ WKH FRPSOHPHC

WDQW VEEWRD/IH PHWULF FRPSXWHV WKH OHDQ $EVR
0$( EHWZHNQMM@FKUHSUHVHQWHG DV

DA .

)LGH@:LGV\$\(+:ﬁ N7 )

i=1

'KHWHDUH WKH QXPEHU RILQVWDQFHV LQ WKH GDWDYV

6LPLODUO\ WRRIGGHIOADWLRQV RI WKBYOBNNQF )LGHO
DOVR FRQY%UI6HWHMKH ILGHOLW\FRPSXWHG XVLQJ WK

<<

1N

506 =PN
i=1

Y, Y92

0$3({ LVWKHILGHOLW\FRPSXWHG XVLQJWKHO0$3(DV

100X j?i Y.

0%3( =
3=y e !

ft6SDUV¥L@&\ , W PHDVXUHVY WKHDYHUDJH RSSRVLWH RI
SXWGDWD WKDW LV VHOHFWHG DVEHLQJLPSRUWDOQ\



([SODLQHU

1RWH WKDW KLJKHU VSDUVLW\ YDOXHV DUH EHWWHU
QDWLRQV DUH VSDUVHU WKXV OLNHO\WR FDSWXUH F
LQIRUPDWLRQ 6SDUVLW\LV FRPSXWHG DV

X m;
6SD UiVJ’%W \1 )
i=1 Mi

'KHWHDUH WKH QXPEHU RI LQ VW DNXHHY XPOEWMKHREGDWD \
QRGHV LQ WKH LPSRUWDQW VXEJG IRERVD\LIQE GR U W K H
E\ DWLQVI/@MRWHH QXPEHU RI QRGHVGRDWKH LQSXW J
LQVWDQFH

$+$YHUDJH ([SODQIPMIDR/X OL®H WKH DYHUDJH WLPH HPS
RXWSXW WKHLPSRUWDQW VXEJUDSKVY DFURVV DOO L

,PSRUWDQW 6 XEJUDSK (YHQWYV ([WUDFWLF

&RQWHQW H[WUDFWLRQ IURPLWKIHHURE B P MW® 8 WG\LX E BU DT
GLQWRHSDUDWGEt ERXNKVGWYFULEH LPSRUWDQW HYHQWYV
JHVWLRQV RUIUHH IORZV 7KHVHFOXVWHUV VKRXOG HD
LQ WLPHDQG VSDFHDQG ZLWK ORZ YDULDQFHV RI VSHHG
VKRXOG EH DV GLVVLPLODU DV SRVVLEOH WR WKH RWKH L
E\DSSO\LQJ WKH $JJORPHUDWLYH &0XVWHULQJ DOJRUL
M DPRQJ DOO®RBRGBWRIDVXUH Rl GLVVLPL@®DULW\ 7KH S
ZHLIJKWLQJ WKH MSIHHGH\D FWRR U L Q
$JJORPHUDWLYH FOXVWHULQJ BV ®H B HRUPRIGGVRG WK H F
HULQJD QXPEHU RIFOXVW HUW\D YO H \Q P@NEBIA. HVE D V D
PHWULF WR DJJORPHUDWH SDLUV RI FOXVWHUV DW HDFK
GHWDLO LW DJJORPHUDWHY FOXVWHUV WKDW SUHVHQYV
DOO WUDIILF QRGHV RI WKH WKIR/\CHVQW D B A P BIGWKRIGMH] S H |
WR PLQLPL]JHWKH :LWKLQ &0 XV VDHR @D UHLLDFGKFR1E WITXLDQMLCR ¢
FOXEWRKH QXPEHU RIF@XMBMHWUWHOHFWHG DV WKH RQH V



4.5 Verbal Explanations 95

leads the Agglomerative Clustering results of G to the highest ratio between
Cluster Dissimilarity (Equation 4.10) and Within Cluster Variance (Equation

4.9):
CD.
WCV,

argmax, = (4.22)

Where CD; and W CV; are the Cluster Dissimilarity and Within Cluster Vari-
ance scores on Agglomerative Clustering computed using C clusters. This
scoring function selects € that balances a high dissimilarity between clusters,

while their within variance is low.

4.5 Verbal Explanations

This section details the specifics of the content selection functions applied to
the subgraphs G° of the important subgraph G and to the event to explain G.
Then it defines the adopted ruleset to fill the placeholders of the templates
used to translate into narratives the extracted content, along with additional
enrichments applied to the verbal narratives to enhance their natural flow and

expression.

4.5.1 Content Extraction Setup

For what concerns extracting the average speed Sge from an event G°, in order
to conform to the International System of Units the speed measurements Sge
are translated from miles per-hour to kilometers per hour by multiplying it by
the constant 1:609344. Precisely, 1 mile is equivalent to 1:609344 kms.

The speed thresholds used to define the event kind Kge of the event G© as
per Equation 3.30 are the same as the ones used in section 4.4.1. In particular:
Ssc, the threshold for severe congestions, is set as 35 miles per hour or 56
kms per hour, while S¢, the one for congestions, is set as 60 miles per hour,

meaning 96 kms per hour.
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In the dictionary describing the location of event G, lgc, The set of kilo-
metrage of each street | 2 lgc is computed by rounding the kilometrage of
each node to the nearest integer. This is applied in order to have a more con-
cise and descriptive set of kilometrages for the streets in the dictionary. The
kilometrage for each node v; is pre-calculated using the Haversine formula,
determining the kilometers between the latitude and longitude of v; and the
starting point of the street in which v; is situated, which is the north-westmost
point. The starting point of each street has been manually fetched using Ar-
cGIS World Sreet Map [59], while the street each node is part of has been
extracted using the GeoPy [53] Python library.

4.5.2 Verbal Translation Setup

The placeholder of the various templates is filled using a specific ruleset, such
that given a placeholder p within the templates and a specific piece of extracted

content C, the placeholder is filled through a function:

rule(p; ) (4.23)

Following, the ruleset for each placeholder given the content used to complete

it is defined:

* The placeholder <speed> is simply directly filled with the average speed

extracted content Sge of the related event G such that:

rule(<speed>; Sgc) = “Sgc” (4.24)

As an example, the <speed> placeholder of the template A <label>
was predicted <location main> <day>, with an average speed of <speed>
km/h <time>.0 given Sge = 42:47 is filled as AA <label> was pre-
dicted <location main> <day>, with an average speed of km/h

<time>.0
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* The placeholder <label>, similarly for what concerns <speed> is di-

rectly filled with the kind of event Kge of the related event G° such that:

rule(<|abe|>; kgc) = “kgc” (425)

For instance, the <label> placeholder of the template NA <label> was
predicted <location main> <day>, with an average speed of <speed>
km/h <time>.0 given kge = severe congestion is filled as "AA VHYHUH
F R Q J H Wad/irdliGted <location main> <day>, with an average

speed of <speed> km/h <time>.0

 The placeholder <location main> is filled by firstly extracting the street
Inain 2 lge with the largest list of kilometrages for event G°. Afterwards,
the set of kilometrages fkmy; kmy; :::g is sorted in ascending order. If
the set of kilometrages contains just one element kmj, the placeholder

is filled as follows:

rule(<location main>; lgc) = “l ;i at km kmy” (4.26)

On the other hand, If the set of kilometrages is composed of m elements
Tkmy; kmy; :::; kmp,g, the placeholder is filled by separating the sorted
kms by a comma while “AND-ing” the second last and the last as fol-

lows:

rule(<location main>; lgc) = “l.in at kms kmy, kmy, [...] and km,”

(4.27)
Furthermore, if the context of the template requires it, the preposition
“on” is added at the beginning of the filled placeholder. For instance,
the <location main> placeholder of the template A <label> was pre-
dicted <location main> <day>, with an average speed of <speed>

km/h <time>.0 given main street |,;, = Golden State Freeway with
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kilometrages ¥10; 119 is filled as AA <label> was predicted RQ *ROGHQ
6WDWH )UHHZD\ DW N&¥, witliba @verage speed of

<speed> km/h <time>.0

* Placeholders <location secondary> are completed by getting a sentence
for each street in lge Nl i, excluding the main one |y, as per Equations
4.26 or 4.27. Afterwards, each obtained sentence Tsy; ;S is filled by
separating them by a comma while “AND-ing” the second last S, ; and

the last s, as follows:
rule(<location secondary>; lgc) = “sy, Sp, [...] and S;,” (4.28)

As an example, the <location secondary> placeholder of the template

AThe <label> also affected <location secondary>.0 given secondary

street information lycondary = TGolden State Freewayg with kilome-

trages 10g is filled as The <label> also affected *ROGHQ 6 WDWH )UHH
ZD\ DW NP

* The placeholder <day> for event G° is filled through a series of pro-
cesses. Firstly, the extracted days dge = fdy;::;;dmg of event G are
sorted chronologically. Then the date datey; and day of the week week-day .
are extracted for each day dj 2 dgc. Lastly, if dgc contains just one day

d, the placeholder is filled as follows:

rule(<day>; dgc) = “on weekdayy, , dateq, ” (4.29)

Otherwise, if dgc contains more days, where the first day is d; and the

last is dy, the placeholder is filled as:

rule(<day>; dgc) = “from weekdayy, , datey, to weekday, , dateq,,”
(4.30)

As an example, the <day> placeholder of the template AA <label> was
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predicted <location main> <day>, with an average speed of <speed>
km/h <time>.0 given a days content dge = Ffweekday : Thursday; date :
05/06/2012gq is filled as AA <label> was predicted <location main>
RQ 7KXUVGD\ , with an average speed of <speed> km/h

<time>.0

* The placeholder <time> of event G° is filled by the times denoting the
beginning tq,, and the end t.,q of the event te., but it also considers the
information of the days of the event dgc. In particular, if dge contains
just one day and ty,¢ = t.,q, meaning that the event started and ended

at the same discretized timestep, the placeholder is filled as:
mle(<time>; tge; d(;c) = “at Lyt (43 1)

Contrarily, if dge contains more days or ty. & t..q, the event has taken

place across multiple timesteps and the placeholder is filled as:
rule(<time>; tgc; dgc) = “from t to teng” (4.32)

For instance, the <time> placeholder of the template AA <label> was
predicted <location main> <day>, with an average speed of <speed>
km/h <time>.0 given a time content tge = (09:45; 10:35) and a days
content dgc = Ffweekday : Thursday; date : 05/06/2012gg is filled as
AA <label> was predicted <location main> <day>, with an average

speed of <speed>km/h TUR P W RO

» Placeholders <causes> given the events G?; :::; G that explain the pre-
dicted event G are filled by extracting firstly the list of labels k. of each
input event G°, defined as K. For simplicity in the verbal translation,
severe congestions in the extracted list K are renamed as congestions.

Then the translation of the placeholder in the template is applied with
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the following rule:

rulg(<causes>; K) =

fian unknown reasono; ifjKj=07jKfj=0
fia free flowo; ifjKej=07MjKfj=1
fia congestiono; ifjKej=17jKfj=0

fia congestion and

a free flowo; ifjKej=17jKfj=1

Aa series of free flowso; ifjKj=07NjKfj>1

(4.33)

= _ Raseries of congestionso; if jK¢j > 1" jKfj>0

fia series of free flows

and a congestiono; ifjKej=17NjKfj>1

fa series of congestions

and a free flowo; ifjKej>17jKfj=1

fa series of congestions

- and free flowso; otherwise

where KT is the sublist of K containing just free flows labels and K¢

is the sublist containing just congestion labels. For instance, the place-
holder <causes> in the template AThis was caused by <causes>.0 given

K = [congestion; free flow] is filled as fiThis was causedby D FRQJHV
WLRQDQG DWIUHHIORZ

Note, that an extreme scenario, in which no input contributing events
are present is considered, by setting the cause of the prediction as fian
unknown reasond. This may happen in the case that the input data from
which the important subgraph is extracted presents a traffic-network
composed solely of missing speed information. In this case, the im-

portant subgraph is empty G = ;, thus, no reason behind the prediction
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can be extracted.

The final verbal translation is finally enriched with additional information in

order to make the narrative more fluent and coherent:

« If the event to explain is explained by a single input event G, the para-
graph that explains G is edited by substituting the first preposition “a”
with “the” to reflect the fact that just one event led to the prediction.
As an example, the paragraph i $contributing free flow manifested on
Ventura Freeway [...]J0 is modified with fi 7 K bntributing free flow

manifested on Ventura Freeway [...]0

+ If more than one input event G?; :::G®; contributed to the predicted event,
additional connectors are placed at the beginning of each paragraph de-
scribing each G°. If G° is the first described input event, the paragraph
will start with a connector such as fiFirstly,0 or Ailnitially,0, while if it
is the last described event connectors such as fiFinally,0 or fiLastly,0
are added at the beginning. For the other in-between events other con-
nectors are integrated at the beginning of the paragraph such as fiNext,0
or Subsequently,0. For instance, if the paragraph A contributing free
flow manifested on Ventura Freeway [...]0 provides a description of the
first contributing event, it is modified as fi , Q L W & é»@riduting free

flow manifested on Ventura Freeway [...]0.

* If a paragraph describes an input event G® which label K. has already
been seen on previously described input events, a connector such as
Aanotherd or fa furtherd will be added before the description of the
event Ksc in the paragraph. This is applied to reinforce the fact that there
are more than one occurring events of the same kind. For example, if
the paragraph A contributing free flow manifested on Ventura Freeway
[...]0 is given and in previous paragraph free flows have already been
described, it is modified as A $ | X U WoktHlbuting free flow manifested

on Ventura Freeway [...]0.
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+ Similarly to the previous point, if a paragraph describes an event G° that
occurred in the same location of a previously described input event, a
connector such as flagaino or fionce mored will be added before the
description of the location in the paragraph. If the paragraph A con-
tributing free flow manifested on Ventura Freeway [...]0 is given and
previous paragraph describes an event occurring again on Ventura Free-
way, it is modified as AA contributing free flow manifestedon DJDL Q

Ventura Freeway [...]o.

* The translation of the days information ds. of an event G is omitted or
modified according to the day information dg of the event to explain
G . If the day information in dsc is equivalent to ds , meaning that the
input event G® occurred in the same days as G , then the description of
the day in the paragraph illustrating G° is completely omitted, as it is re-
dundant and implicit. As an example, if the paragraph A contributing
free flow manifested [...] occurring from 08:45 to 09:40 on Thursday,
05/06/2012 with an average speed [...]0 is given and the day informa-
tion is the same as the one of the event to explain, it is modified as AA
contributing free flow manifested [...] occurring from 08:45 to 09:40
with an average speed [...]O. If the day information in dg. is composed

of more days the following considerations are applied:

— Ifdg has just one day and the last day of ds. is the day of ds and
the first day of dgc is the day before the day of ds , the day infor-
mation in the paragraph describing G is substituted with: fifrom

the previous to the same dayo

— If dg has more days and the last day of dgc is the first day of dgs
and the first day of ds. is the day before the first day of ds , the
day information in the paragraph describing G° is substituted with:

fifrom the previous to the first dayo

— If dg has just one day and the last day of dg. is the day of dg
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and the first day of dg., d; is not the day before the day of dg ,
the day information in the paragraph describing G° is substituted

with: fifrom d; to the same dayo

— If dg has more days and the last day of dgc is the first day of dgs
and the first day of dgc, d; is not the day before the first day of dg ,
the day information in the paragraph describing G° is substituted

with: fifrom d; to the first dayo

— If the last day of dg. is the day d; before the first day of dg , the
day information in the paragraph describing G° is substituted with:

fifrom d; to the previous dayo
If ds. is composed of one day and ds & dgc:

— If the day of dgc is the day before the first day of dg , the day
information in the paragraph describing G is substituted with: fion

the previous dayo.

— If dg has more days and the day of dg. is the same as the first
one of dg , the day information in the paragraph describing G° is

substituted with: fion the first dayo.






Chapter 5

Results

5.1 STGNN Results

In this section, the training and evaluation outcomes of the STGNNs  on the
METR-LA and PEMS-BAY datasets are explored. The analysis first focuses
on the training progression, showing the prediction results of the models dur-
ing the various epochs. Then, the models’ performance results on the test set
are illustrated, focusing on their forecasting power considering different hori-
zons of time in the future and considering different events separately. Finally,

a qualitative analysis of the predictions is illustrated for both datasets.

5.1.1 Training Results

For what concerns the training outcomes for METR-LA and PEMS-BAY, as
it can be seen in Figures 5.1 and 5.2, in both cases no clear signs of overfitting
are observed during the whole process for both MAE, RMSE and MAPE. It
is interesting to point out how the validation results on METR-LA exceed the

performances of the training.
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Figure 5.1: Training process outcome on the METR-LA dataset.
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Figure 5.2: Training process outcome on the PEMS-BAY dataset.

5.1.2 Test Results

Table 5.1 presents the average prediction performance across the test sets for

both METR-LA and PEMS-BAY datasets, measured in terms of Mean Ab-
solute Error (MAE), Root Mean Sguared Error (RMSE), and Mean Absolute

Percentage Error (MAPE) for forecasting at intervals of 15 minutes, 30 min-

utes, and 60 minutes ahead.
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Next 15 minutes | Next 30 minutes | Next 60 minutes

MAE RMSE MAPE ‘ MAE RMSE MAPE ‘ MAE RMSE MAPE

METR-LA ‘ 2:92 5:55 7:8%‘ 3:27 6:4 9:05%‘ 3:86 774 11:5%

PEMS-BAY‘ 1:18 2:48 2:43%‘ 1:49 3:36  3:26% ‘ 1:92 4:43  4:54%

Table 5.1: STGNNSs prediction results considering different time horizons.

As anticipated, the prediction accuracy tends to decrease with the increase
in the forecasting horizon for both datasets. However, the errors remain within
reasonable limits and affect only a small portion of the predictions as ex-
pressed by MAPE. Notably, the prediction outcomes for METR-LA display a
notably inferior performance compared to PEMS-BAY. This discrepancy can
be attributed to two primary factors. Firstlyy, METR-LA involves a notably
smaller number of instances in its dataset compared to PEMS-BAY, leading
to a training process with fewer observations. Secondly, and more signifi-
cantly, METR-LA exhibits a substantially higher rate of missing information
compared to PEMS-BAY. This higher degree of missing data contributes to
increased uncertainty in the predictions, consequently impacting their accu-
racy.

Table 5.2 showcases the average prediction performance on the test sets
for METR-LA and PEMS-BAY datasets, evaluating the MAE, RMSE, and
MAPE across different speed predictions, categorized into severe congestions,
congestions, and free-flow events. These event distinctions are established

using the thresholds outlined in section 4.4.1.

Severe congestions \ Congestions \ Free flows

MAE RMSE MAPE ‘ MAE RMSE MAPE ‘ MAE RMSE MAPE

METR-LA ‘ 12:2 17:9 65:1%‘ 5:21 7:73 10:6%‘ 1:96 4:16  3:02%

PEMS-BAY‘ 10:6 15:8 49:1%‘ 4:46 7:05 9:23% ‘ 1:07 1:95  1:64%

Table 5.2: STGNNs prediction results considering different event kinds.

The STGNN performance reveals considerable difficulty in accurately pre-

dicting severe congestion for both datasets, outputting unreliable predictions
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in these instances. Predictions for congestion demonstrate acceptable out-
comes, whereas the model shows notably successful performance in predicting
free-flow events. This trend aligns with the data distribution noted in section
4.2.1, where the dataset exhibits an imbalance, featuring more instances of
free-flow scenarios compared to congestion. The model’s training methodol-
ogy remains consistent with the approach detailed in the original paper [42],
without specific handling of the imbalance in node speeds during the training
process. Consequently, the model demonstrates inferior performance in pre-
dicting instances associated with lower speeds, describing instances of severe

congestion.

5.1.3 Qualitative Analysis

Figure 5.3 displays a comparison between the ground truth speeds and the pre-
dicted speeds in the test dataset for 3 randomly selected nodes, each having 100
randomly chosen observations. The visualization highlights the challenges
encountered in predicting severe congestion, consistent with the observations
from Table 5.2. Despite these challenges, the model exhibits commendable
performance. However, it struggles with certain speed peaks and troughs, in-

dicating difficulty in accurate predictions for these specific instances.

(a) METR-LA predictions. (b) PEMS-BAY predictions.

Figure 5.3: Visualization of the speed predictions by the STGNN s with respect
to ground truths for randomly selected observations.
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5.2 Explainer Results

In this section, the outcomes of the Explainer are quantified and analysed
on the test sets D, of both METR-LA and PEMS-BAY in terms of Fidelity",
Fidelity™, Sparsity and average prediction time. Moreover, a visual example
of an extracted important subgraph G by  divided in the event it is composed

of concerning an output event G is shown for both datasets.

5.2.1 Test Results

Table 5.3 expresses the Fidelity” results on the explanations of both datasets
using the MAE error (MAE"), the RMSE error (RMSE") and the MAPE error
(MAPE"). It illustrates the result averaged for the different kinds of predicted

events and as their total average value across the whole dataset.

Severe congestions ‘ Congestions ‘ Free flows

MAE- RMSE- MAPE- ‘ MAE- RMSE- MAPE" ‘ MAE- RMSE- MAPE"

METR-LA ‘ 3:21 3:82 14:1%‘ 1:65 2:06 3:45%‘ 0:713 0:881 1:09%

PEMS-BAY | 125 129 59:3% | 2:65 3:13  5:24% | 1:97 215 2:93%
Total Average
MAE- RMSE" MAPE-
METR-LA | 1:84 2:24 6:14%
PEMS-BAY | 5:67 6:02 22:4%

Table 5.3: Fidelity explanation results considering different event kinds.

The explanations provided by reveal the challenges the STGNNs  face
in accurately predicting severe instances of congestion as the Fidelity results,
where higher values indicate poorer performance, are notably higher for these
events in both datasets. While the Fidelity results in METR-LA for severe
congestions are still acceptable, they are significantly high for what concerns
this kind of predicted event in PEMS-BAY. This implies that the explainer
struggles to assemble a subgraph comprehensive enough to justify the pre-
dictions of severe congestions by in this latter dataset. The results also

suggest that  1s not ideally trained to forecast severe congestion, potentially
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indicating its lack of internal consideration of traffic laws and patterns spe-
cific to these events. Conversely, the results of Fidelity for other events and
considered as average are generally low, indicating that the explanations are
sufficient as they are enough for to correctly predict the outcome event.
Table 5.4 showcases the Fidelity* outcomes for both datasets, encompass-
ing as error metrics the MAE (MAE™), RMSE (RMSE™") and MAPE (MAPE™).
These metrics are shown as their average value for the distinct predicted events

and their collective average across the entire dataset.

Severe congestions \ Congestions \ Free flows

MAE" RMSE* MAPE" ‘ MAE* RMSE" MAPE"* ‘ MAE"™ RMSE"* MAPE"

METR-LA | 19:1 20:9 86:2% | 9:68 10:6 20:4% | 2:96 35 4:54%

PEMS-BAY ‘ 17:2 19:1 73:1% ‘ 9:6 10:7 19:2% ‘ 41:8 46 63:2%

Total Average

MAE" RMSE* MAPE*

METR-LA | 10:6 11:7 37:1%

PEMS-BAY | 22:8 25:3 51:8%

Table 5.4: Fidelity™ explanation results considering different event kinds.

For both datasets, the Fidelity™ scores are consistently higher than Fidelity
across all event types. This indicates that the extracted important subgraphs
play a necessary role in explaining the predictions made by the STGNNs ().
In the case of METR-LA, Fidelity™ echoes the observations from Fidelity :
predicting severe congestions poses a greater challenge, suggesting that the
STGNNS are better attuned to predicting free-flows or moderate congestions
than severe congestions. Consequently, the subgraphs associated with severe
congestions achieve higher Fidelity™ scores, underscoring their necessity for
the model to accurately predict these events. However, these subgraphs ap-
pear to be less critical when predicting congestions or free-flows, potentially
due to the model’s inherent bias toward these events.

Regarding PEMS-BAY, two notable observations emerge. Firstly, Fidelity™
closely aligns with Fidelity in explaining instances of severe congestion.

This indicates that the explanations for these events might not be significantly
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more necessary than sufficient, lacking a comprehensive representation of the
model’s predictions. Secondly, the explanations seem crucial for predicting
free-flow events, reflected in their highest Fidelity™ among all event types.
This could be attributed to the dataset’s larger spatial node representation than
METR-LA, potentially leading to confusion in predictions if the essential in-
formation provided by the important subgraph is excluded from the explana-
tion set generated by

Table 5.5 illustrates consistently high sparsity average results for both
METR-LA and PEMS-BAY, indicating that the explanations derived by are
concise. This conciseness is anticipated given that, in both datasets, the size
N of the important subgraphs used for explanations is relatively small, be-
ing respectively twice the size of the predicted events in METR-LA and three
times the predicted events in PEMS-BAY.

Sparsity

METR-LA |  0:985

PEMS-BAY |  0:985

Table 5.5: Sparsity of the explanations.

Finally, the average time taken to compute the explanations is relatively
low for both datasets: 8.88 seconds for METR-LA and 11.6 seconds for PEMS-
BAY. The increased time in PEMS-BAY is attributed to the larger subgraph
used for the localized search conducted by . However, despite this variation,
the processing time remains within acceptable limits, ensuring that users can

obtain explanations within a reasonable timeframe.

5.2.2 Visual Examples of the Results

In Figure 5.4, an illustrative example showcases the extracted important sub-
graph, segmented into its cluster events, explaining a severe congestion oc-
currence near the intersection of two streets in METR-LA. The visualization

highlights the succinct nature of the explanation, as it involves only a small
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subset of nodes compared to the entire spatial network. The explanation aligns
with the notion of localized spatial correlation introduced in section 3.3.3, as
the nodes considered in the explanation are visually spatially close to the ones

of the event to explain.
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Figure 5.4: Overall visualization of an explanation of a prediction in METR-
LA.

Moreover, Figure 5.5 provides a detailed depiction of the clusters within
the important subgraph across time, specifically focused on explaining the
event highlighted in Figure 5.4. This visualization significantly reinforces the
concept of localized spatial correlation. As time progresses, there’s a notice-
able reduction in spatial distance between nodes influencing the explanation
and those representing the output event being explained. This is expected,
since as time approaches the event to be explained, the relevance of nearby
input nodes in influencing the prediction increases. Conversely, nodes located
farther away gradually contribute less to the explanation of the event.

The graphical representation also illustrates the evolving nature of clus-
ters associated with the event. Two primary clusters, namely a congestion
() and a severe congestion (), consistently contribute across the entire ob-
served period within the central region of the important subgraph. Conversely,
a smaller cluster denoting a free-flow in the northern zone () contributes to
explaining the prediction just in the first three timesteps. Similarly, another

congestion in the northernmost area ( ), evolving within the first 6 timesteps,
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