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Kia Raca to tha MVP Lacdar:
Weold 20

Kia Race to the MVP Ladder:

Week 19 Who can catch James Harden in
the race for NBA MVP?

:xa;;tﬂﬂv_‘ MVP Ladder: m z 2;?.:';:::‘..,.
(G AT W)

3 4% : & NBA 2 ESPN ¢4 47 » & & & NBA MVP £ * 4

James Harden > LeBron James * Kevin Durant » Stephen Curry %

Anthony Davise Z 42> (7 4 {7 4 & O MVP ¥ & § =% 3 7ot ?

James Harden LeBron James
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LeBron James 26.72 7.63 8.97 3.49
James Harden 31.26 9.67 8.85 2.99
Anthony Davis 28.13 10.36 2.38 1.74
Kevin Durant 26.05 6.79 5.42 2.47
Stephen Curry 26.69 7.95 6.35 2.23
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LeBron James 26.72 7.63 0.29 8.97 3.49 0.39
James Harden 31.26 9.67 0.31 8.85 2.99 0.34
Anthony Davis 28.13 10.36 0.37 2.38 1.74 0.73
Kevin Durant 26.05 6.79 0.26 5.42 2.47 0.46
Stephen Curry 26.69 7.95 0.30 6.35 2.23 0.35
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2016-2017 81 29.09 8.78 0.30
2015-2016 82 28.98 8.51 0.29
2014-2015 81 27.37 9.72 0.36
2013-2014 73 25.36 8.64 0.34
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2017-2018 54 31.26 9.67 0.74 0.93
2016-2017 81 29.09 8.78 0.60 0.96
2015-2016 82 28.98 851 b.ﬁ? 0.96
2014-2015 81 27.37 9.72 0.68 0.96
2013-2014 73 25.36 8.64 0.60 0.96
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NBA: Kia Race to the MVP Ladder
http://www.nba.com/mvp-ladder#/

ESPN: Who can catch James Harden in the race for NBA MVP?
http://www.espn.com/nba/story/ /id/22467731/2018-nba-mvp-
race-steph-curry-lebron-james-catch-james-harden

£ & % (Standard Deviation, SD)
https://zh.wikipedia.org/wiki/$& % %
http://slashlook.com/archive2014/20140506.html

o R ficdy

http://stats.nba.com
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% B ¥ (Coefficient of Variation, CV)
https://baike.baidu.com/item/ % % % %z
http://wiki.mbalib.com/wiki/% & % 4z

w5
https://clutchpoints.com/nba-all-rookie-teams-announced/
https://detroitsportsnation.com/general/rgriffin/2017-18-nba-
season-preview/10-2017/96808/
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CHOI YONGHEE 9.73 58 KU BONCHAN 9.57 46
ALBERTO BLAZQUEZ 067 | 58 KIM WOO JIN 949 | 46
RODOLFO GONZALEZ | 9,65 58 LEE SEUNGYUN 948 | 46
SEBASTIEN PEINEAL 0.68 50 IM DONG HYUN 945 Y,
DOMAGO] BUDEN 966 | 59 JAYANTA TALUKDAR 932 | 2
MARIO VAVRO 064 | 59 MARCUS DALMEIDA 913 | 45
MIKE SCHLOESSER 0.84 60 ALENANDER KOZHIN | 9.13 | 44
REO WILDE 076 | 60 PABLO ACHA 905 | 46
PIERRE JULIEN DELOCHE| 975 | 60 ANDREAS GSTOETTNER | 905 | 44
MARTIN DAMSBO 9.7 60) KACPER SIERAKOWSKI | 9.01 16
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STEPHAN HANSEN 712 9.89 0.3165 [ 31.24
KIM JONGHO 711 9.88 0.333 | 29.65
PIERRE-JULIEN DELOCHE | 710 9.86 0.3483 | 28.31
OH JINHYEK 670 9.31 0.8331 | 11.17
ZHANG DAN 668 9.28 0.7505 | 12.36
RYAN TYACK 667 9.26 0.7314 | 12.67
SUGIMOTO TOMOMI 660 9.17 0.8049 [ 11.39
OIBEK SAIDIYEV 659 9.15 0.8502 [ 10.77
KIKUCHI HIDEKI 658 9.14 0.9539 [ 9.58
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KIM WOOJIN : 695 9.65 | 0.5607 [ 17.22
679 9.43 ] 0.6677 | 14.12
689 9,57 | 05522 | 17.33
683 9.49 | 0.6278 | 15.11
695 9.65 | 04794 [ 20.14
RAEE 7.15542
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KIM WOOJIN 672 | 933 | 949 |-016| 46 [KOR
OH JIN HYEK 670 | 9.31 9.5 [-0.19] 46 | KOR
KANG CHAE YOUNG | 684 | 9.5 93 | 02 | 445 | KOR
CHANG HYEJIN | 683 | 949 | 934 |0.15 | 40 |KOR
CHOI MISUN 671 9.32 9.33 |-0.01 [ 42.7 | KOR
KIM JONGHO 711 | 9.88 9.79 1 0.09 | 59.5 [ KOR
SONG YUNSOO | 694 | 964 | 959 [0.05 [ 48 |KOR
CHOI BOMIN 689 9.57 9.58 |-0.01 [ 49.3 | KOR
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BRADY ELLISON 669 9.29 936 |-0.07| 48 | USA
OH JIN HYEK 661 9.18 9.5 -032] 46 |KOR
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MARTIN DAMSBO 685 9.51 9.7 0.19 | 60 | DEN
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2.

https://worldarchery.org/
https://weatherspark.com/d/5674/10/15/AverageW eather-on-
October-15-in-Mexico-City-Mexico#Sections-Wind
https://weatherspark.com/m/142033/10/Average- Weather-in-
October-in-Seoul-South-Korea
https://www.timeanddate.com/weather/usa/salt-lake-
city/historic?month=6&year=2017

https://en.wikipedia.org/wiki/Target archery
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Fo- S RELF 100 i A T 0% eyt E
BER B
HFHA(LT) PENHE | B HEEHTT) | HINE | B
SARA LOPEZ 9.7 53 MIKE SCHLOESSER 9.84 60
SONG YUN SO0 9.59 48 KIM JONGHO 9.79 59.5
SARAH PRIEELS 9.58 46 REO WILDE 9.76
PIERRE JULIEN
CHOI BOMIN 9.58 49.3 9.75 60
DELOCHE
ANDREA MARCOS 9.56 51 CHOI YONGHEE 9.73 58
LINDA OCHOA
9.54 53 MARTIN DAMSBO 9.7 60
ANDERSON
KRISTINA
9.51 59 SEBASTIEN PEINEAU 9.68 59
HEIGENHAUSER
ALBERTO
NATALIA AVDEEVA 2.51 57 9.67 58
BLAZQUEZ
MARIIA
9.51 52 DOMAGO] BUDEN 9.66 59
VINOGRADOVA
JYOTHI SUREKHA RODOLFO
9.5 55 9.65 58
VENNAM GONZALEZ
KIM YUNHEE 9.5 45 NICO WIENER 9.65 57
DAMELLE WENTZEL 9.49 43 MARIO VAVRO 9.64 59
AMELIE SANCENOT 9.48 51 KIM TAEYOON 9.63 58
NORA VALDEZ 9.47 53 MADS HAUGSETH 9.62 60
ALEJANDRA
9.46 56 KU BONCHAN 9.57 46
USQUIANO
JANINE MEISSNER 9.45 46 OH JIN HYEK 9.5 46
FERNANDA ZEPEDA 9.44 42 KIM WOO JIN 9.49 46
INGE VAN CASPEL 9.44 51 LEE SEUNGYUN 9.48 46
MARIYA SHKOLNA 9.42 59 IM DONG HYUN 9.45 42
ERIKA DAMSBO 9.42 58 SJEF VAN DEN BERG 9.39 53
DELLIE
9.42 55 ZACH GARRETT 9.37 52
THREESYADINDA
STEPHANIE SALINAS 9.41 47 BRADY ELLISON 9.36 48
JAYANTA
CHANG HYE YIN 9.34 40 9.32 42
TALUKDAR
CHOI MISUN 9.33 42.7 MAURO NESPOLI 9.3 52
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KANG CHAE YOUNG 9.3 44.5 CRISPIN DUENAS 9.26 52
DAVID
KI BO BAE 9.26 41.4 9.23 50
PASQUALUCCI
DEEPIKA KUMARI 9.24 40 TAYLOR WORTH 9.22 48.5
TAN YA TING 9.2 39 PATRICK HUSTON 9.2 50
KHAIRUL ANUAR
AIDA ROMAN 9.08 46 9.19 45
MOHAMAD
ELENA RICHTER 9.06 39.5 MARCO GALIAZZO 9.15 438
KSENIA PEROVA 9.04 38 MARCUS D'ALMEIDA 9.13 45
ALEXANDER
ALEJANDRA VALENCIA 9.03 44 9.13 44
KOZHIN
AUDREY ADICEOM 9 40 JAKE KAMINSKI 9.1 48
JUAN RENE
LIN SHIH CHIA 8.98 39.5 9.09 50
SERRANO
LEl CHIEN YING 8.96 38 PABLO ACHA 9.05 46
ANDREAS
LUCILLA BOARI 8.9 43 9.05 44
GSTOETTNER
MAXIMILIAN
YASEMIN ANAGOZ 8.87 42 9.01 47
WECKMUELLER
KACPER
ALEXANDRA MIRCA 8.82 38 9.01 46
SIERAKOWSKI
ALEXANDRA
8.82 40
LONGOVA
BRYONY PITMAN 8.81 36
MARIANA AVITIA 8.81 42
GULNAZ COSKUN 8.79 38
MONIKA SAREN 8.77 40
GUENDALINA SARTORI 8.72 38




# = 1 Mexico City 2017 Hyundai World Archery Championships (16/10/2017)

SYE | REIE A )
o fr20 | EEGEHE" | PHSEEE 2 aw | B
SJEF VAN DEN BERG 676 9.39 9.36 +0.03 | 48 NED
IM DONG HYUN 674 9.36 9.45 -0.09 | 42 | KOR
MAURO NESPOLI 672 9.33 9.3 +0.03| 52 ITA
KIM WOOJIN 672 9.33 9.49 -0.16 | 46 | KOR
OH JIN HYEK 670 9.31 9.5 -0.19 | 46 | KOR
RYAN TYACK 667 9.26 9.25 |[+0.01| 52 | AUS
DAVID PASQUALUCCI 665 9.24 9.23 |[+0.01| 50 ITA
CRISPIN DUENAS 663 9.21 9.26 -0.05| 52 | CAN
BRADY ELLISON 661 9.18 9.36 -0.18 | 48 | USA
MARCUS D'ALMEIDA 655 9.1 9.13 -0.03 | 45 | BRA
KANG CHAE YOUNG 684 9.5 9.3 +0.2 | 44.5 | KOR
CHANG HYE JIN 683 9.49 934 |[+0.15| 40 | KOR
TAN YA-TING 680 9.44 9.2 +0.24 | 39 | TPE
CHOI MISUN 671 9.32 9.33 -0.01 | 42.7 | KOR
ALEJANDRA VALENCIA 658 9.14 9.03 |[+0.11| 44 | MEX
MARIANA AVITIA 653 9.07 881 |[+0.26 | 42 | MEX
ALEXANDRA LONGOVA 645 8.96 882 [+0.14| 40 | SVK
ALEXANDRA MIRCA 643 8.93 882 [+0.11| 38 | MDA
BRYONY PITMAN 635 8.82 881 |[+0.01| 36 | GBR
KIM JONGHO 711 9.88 9.79 | +0.09 | 59.5 | KOR
PIERRE-JULIEN DELOCHE 710 9.86 9.75 +0.11| 60 FRA
SEBASTIEN PEINEAU 704 9.78 9.75 |+0.03| 60 | FRA
MARIO VAVRO 702 9.75 964 |[+0.11| 59 | CRO
MARTIN DAMSBO 699 9.71 9.7 +0.01| 60 | DEN
NICO WIENER 695 9.65 962 |[+0.03| 60 | AUT
ALBERTO BLAZQUEZ 691 9.6 9.67 -0.07 | 58 ESP
MATUMITIANG) B, 671 9.32 9.01 |[+0.31| 47 | BRA

FAVORETO

LINDA OCHOA-ANDERSON | 701 9.74 9.54 +0.2 | 53 | MEX
SARAH PRIEELS 699 9.71 958 |[+0.13| 46 | BEL
SONG YUN SOO 694 9.64 9.59 |+0.05| 48 | KOR
SARA LOPEZ 693 9.63 9.7 -0.07 | 53 | coL
NATALIA AVDEEVA 691 9.6 951 |[+0.09| 57 | RUS
ALEJANDRA USQUIANO 691 9.6 946 |[+0.14| 56 | CoOL
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ANDREA MARCOS 690 9.58 9.56 +0.02 | 51 ESP
CHOI BOMIN 689 9.57 9.58 -0.01 | 49.3 | KOR
ERIKA DAMSBO 683 9.49 9.42 +0.07 | 58 | DEN

% = : SALT LAKE CITY 2017 HYUNDAI ARCHERY WORLD CUP
STAGE 3(20/6/2017)

S8 | mEAE | TR ,
s mo | pewmm | vewa | = | T | B9
IM DONG HYUN 650 | 944 | 945 | 001 | 42 | KOR
KIM WOOJIN 679 | 943 | 949 | -006 | 46 | KOR
KIM JONGHO 673 | 935 | 979 | -044 | 595 | KOR
DAVID PASQUALUCCI 610 | 93 923 | +0.07 | 50 | ITA
SJEF VAN DEN BERG 670 | 93 936 | 006 | 48 | NED
BRADY ELLISON 69 | 929 | 936 | 007 | 48 | usa
MAURO NESPOLI 668 9,28 9.3 -0.02 52 ITA
OH JIN HYEK 661 9.18 9.5 -0.32 46 KOR
PATRICK HUSTON 661 9.18 9.2 -0.02 50 GBR
KHAIRUL ANUAR MOHAMAD | 660 9.17 9.19 -0.02 45 MAS
MARCO GALIAZZO 67 | 913 | 915 | 002 | 48 | maA
CRISPIN DUENAS 62 | 906 | 926 | 02 | 52 |can
MARCUS DALMEIDA %5 | 89 | 913 | 0.7 | 45 | BRA
CHANG HYE JIN 683 | 949 | 934 | +015 | 40 | KOR
KI BO BAE 673 | 935 | 926 | +0.09 | 414 | KOR
TAN YA-TING 666 | 925 92 | +005 | 29 | TPE
CHOI MISUN 62 | 919 | 933 | 014 | 427 | KOR
KANG CHAE YOUNG 661 9.18 9.3 -0.12 | 44.5 | KOR
ALEJANDRA VALENCIA 659 9.15 9,03 +0.12 44 MEX
LIN SHIH CHIA 646 | 897 | 898 | 001 | 395 | TPE
LEl CHIEN YING 642 | 892 | 89 | 004 | 38 | TPE
AIDA ROMAN 60 | 889 | 908 | 0.9 | 46 | MEX
LUCILLA BOARI 640 8.89 89 -0.01 43 ITA
BRYONY PITMAN 638 8.86 8.81 +0.05 36 GBR
REO WILDE 704 9,78 9,76 +0.02 60 LISA
KIM JONGHO 704 9,78 9,79 -0.01 59.5 | KOR
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MIKE SCHLOESSER 703 9.76 0.84 -0.08 | 60 [ NED
RODOLFO GONZALEZ 696 9.67 9.65 +0.02 | 58 | MEX
DOMAGO] BUDEN 693 9.63 9.66 -0.03 59 | CRO
KIM TAEYOON 691 9.6 9.63 -0.03 58 | KOR
PIERRE-JULIEN DELOCHE 691 9.6 9.75 -0.15 | 60 | FRA
CHOI YONGHEE 690 9.58 9.73 -0.15 58 | KOR
ALBERTO BLAZQUEZ 688 9.56 967 | -0.11 | 58 | ESP
MARTIN DAMSBO 685 9.51 9.7 -0.19 | 60 | DEN
SEBASTIEN PEINEAU 684 9.5 9.75 -0.25 | 60 | FRA
ANDREA MARCOS 694 9.64 9.56 | +0.08 | 51 | ESP
SARA LOPEZ 692 9.61 9.7 -0.09 | 53 | COL
SONG YUN SOO 690 9.58 9.59 | -0.01 | 48 | KOR
LINDA OCHOA-ANDERSON 689 9.57 9.54 +0.03 | 53 | MEX
SARAH PRIEELS 687 9.54 9.58 | -0.04 | 46 | BEL

KIM YUNHEE 686 9.53 9.5 +.03 | 45 | KOR
FERNANDA ZEPEDA 679 9.43 9.44 -0.01 42 | MEX
CHOI BOMIN 679 9.43 958 | -0.15 | 49.3 | KOR
AMELIE SANCENOT 668 9.28 948 -0.2 51 | FRA
STEPHANIE SALINAS 661 9.18 9.41 023 | 47 | MEX
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% » : LAS VEGAS 2018 INDOORARCHERY WORLD CUP STAGE 4

% | ERE | A .
4 600 | SEEIAGIE " | FHIFGE B o)
ANDREAS GSTOETTNER 591 9.85 9.05 +08 | 44 | AUT
RYAN TYACK 590 9.83 9.25 +0.58 | 52 | AUS
TAYLOR WORTH 588 9.8 922 | +0.58 | 485 | AUS
PATRICK HUSTON 588 9.8 9.2 +0.6 50 | GBR
BRADY ELLISON 587 9.78 936 | +042 | 48 | USA
CRISPIN DUENAS 586 9.77 926 | +0.51 | 52 | CAN
SJEF VAN DEN BERG 584 9.73 939 | 034 | 53 | NED
MAXIMILIAN WECKMUELLER | 581 9.68 901 | +0.67 | 47 | GER
KU BONCHAN 577 9.62 9.57 +0.05 | 46 | KOR
AIDA ROMAN 571 9.62 908 | +054 | 46 | MEX
BRYONY PITMAN 561 9.35 881 | 4054 | 36 | GBR
SARAH PRIEELS 598 9.97 958 | +039 | 46 | BEL
SARA LOPEZ 598 9.97 9.7 4027 | 53 | COL
LINDA OCHOA-ANDERSON | 598 9.97 954 | +043 | 53 | USA
ANDREA MARCOS 598 9.97 9.56 | +0.41 | 51 | ESP
NATALIA AVDEEVA 597 9.95 951 | +044 | 57 | RUS
SONG YUN SO0 597 9.95 959 | +036 | 48 | KOR
MARIYA SHKOLNA 596 9.93 942 | +051 | 59 | POL
STEPHANIE SALINAS 595 9.92 9.41 +0.51 | 47 | MEX
ERIKA DAMSBO 595 9.92 9.42 +0.5 | 58 | DEN
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50 AE - iR

. I+ Mexico City 2017 Hyundai World Archery Championships

e R | PREE REH
STEPHAN HANSEN 712 0.3165 31.24
KIM JONGHO 711 0.3330 29.65
PIERRE-JULIEN DELOCHE 710 0.3483 28.31
SERGIO PAGNI 710 0.3483 28.31
BRADEN GELLENTHIEN 709 0.3623 27.18
DOMAGQO] BUDEN 707 0.3873 25.35
LUC MARTIN 707 0.3873 25.35
ABHISHEK VERMA 707 0.3873 25.35
MIKE SCHLOESSER 706 0.4324 22.68
PATRICK ROUX 706 0.3985 24.61
LINDA OCHOA-ANDERSON | 701 0.4438 21.94
SARAH PRIEELS 699 0.4875 19.91
SARAH SONNICHSEN 699 0.4577 21.21
JYOTHI SUREKHA VENNAM | 698 0.5474 17.71
YESIM BOSTAN 697 0.5261 18.40
TOJA ELLISON 696 0.5035 19.20
SONG YUN SOO 694 0.5888 16.37
SO CHAEWON 694 0.5388 17.89
KRISTINA HEIGENHAUSER | 693 0.5676 16.96
TRISHA DEB 693 0.5422 17.75
KANG CHAE YOUNG 684 0.6051 15.70
CHANG HYE JIN 683 0.6919 13.71
TAN YA-TING 680 0.66% 14.12
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SJEF VAN DEN BERG 676 0.7609 12.34
IM DONG HYUN 674 0.7374 12,69
MAURO NESPOLI 672 0.7316 12.76

KIM WOOJIN 672 0.6280 14.86
CHOI MISUN 671 0.7473 12.47

OH JINHYEK 670 0.8331 11.17
ZHANG DAN 668 0.7505 12.36
RYAN TYACK 667 0.7314 12.67
KRISTINE ESEBUA 666 0.7505 12.33
DAVID PASQUALUCCI 665 0.7960 11.60
ARSALAN BALDANOV 665 0.7218 12.80
FURUKAWA TAKAHARU 664 0.7358 12,53
LIN YU-HSUAN 664 0.7165 12.87
LISA UNRUH 664 0.6965 13.24
CRISPIN DUENAS 663 0.8548 10.77

FLORIAN KAHLLUND 663 0.8038 11.46

MACKENZIE BROWWN 663 0.8711 10.57
WEI CHUN-HENG 662 1.0433 8.81
ARPAD BANDA 662 0.8824 10.42

ATANU DAS 661 0.8933 10.28
BRADY ELLISON 661 0.6986 13.14

SUGIMOTO TOMOMI 660 0.8049 11.39
OIBEK SAIDIYEV 659 0.8502 10.77
KIKUCHI HIDEKI 658 0.9539 9.58

MAXIMILIAN WECKMUELLER| 658 0.8770 10.42
WANG WENXUAN 658 0.8443 10.82
PATRICK HUSTON 658 0.8608 10.62

FEITBR {7 % r=-0.9527
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BB EE - e AR T BRSBTS AR

(Manhattan Distance)

103 ST

104 | 7 ] sy EEORANE WEE TR REM  BEE
105 1 1 22.345914 114.123762 0.11421 0.07045 0.04593 0.15549 0.07233
106 1 2 22.345914 114.1249624 0.11301 0.06925 0.04473 0.15429 0.07113
107 1 3 22.345914 114.1261628 0.11181 0.06805 0.04353 0.15309 0.06993
108 1 4 22.345914 114.1273633 0.11060 0.06684 0.04233 0.15188 0.06873
109 1 5 22.345914 114.1285637 0.10940 0.06564 0.04113 0.15068 0.06753
110 1 6 22.345914 114.1297641 0.10820 0.06444 0.03992 0.14948 0.06633
111 1 7 22.345914 114.1309645 0.10700 0.06324 0.03872 0.14828 0.06513
112 1 8 22.345914 114.132165 0.10580 0.06204 0.03752 0.14708 0.06393
113 1 9 22.345914 114.1333654 0.10460 0.06091 0.03632 0.14588 0.06273
114 1 10 22345914 114.1345658 0.10340 0.06211 0.03512 0.14468 0.06153
10104| 100 100 22,292508  114.242604 0.05804 0.11674 0.12632 0.01676 0.09992

# 6A

FI 2 ATE S A B R R AR E R B R E P

103 FOERTE Sum up
104 {7 7 £ EEEACE WEE 2 FRE  EEH OER

105 1 1 22345914 114.123762| 124231  1.30381 133876  1.20457  1.30038 1.27134
106 1 2 22345914 114.1249624] 1.24363 1.30605 1.33582 1.20550 1.30255 1.27309
107 1 3 22.345914 1141261628 1.24496 1.30834 1.33295 1.20644 1.30477 1.27486
108 1 4 22345914 114.1273633] 1.24630 131067 133015  1.20739  1.30703 1.27667
109 1 5 22345914 114.1285637) 1.24766  1.31305 132742  1.20835  1.30934 1.27850
110 1 G 22.345914 114.1297641] 1.24904 1.31547 132474 1.20032 1.31169 1.28036
111 1 7 22.345914 114.1309645] 1.25043 1.31795 132212 1.21029 1.31409 1.28226
112 1 8 22345914 114.132165) 125184  1.32048 131956  1.21128  1.31653 1.28419
113 1 9 22345914 114.1333654] 1.25327 1.32292 1.31705 1.21227 1.31903 1.28615
114 1 10

22345914 114.1345658| 1.25472 132034 131459 1.21327 132158 1.28815

10104 100 100 22.292508 114,242604[ 132931 123959 122985 128224  1.25903 1.29417

# 6B
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https://en.wikipedia.org/wiki/Rossmo%27s formula

https://en.wikipedia.org/wiki/Peter Sutcliffe

https://zh.wikipedia.org/wiki/%E5%9A%B4%E9%87%8D%E6%80%AS

%E6%80%A7%ES5%91%BC%ES%90%B8%E7%B3%BB%E7%B5%B1

%E7%B6%9C%E5%90%88%E7%97%87

https://en.wikipedia.org/wiki/Taxicab_geometry

7L % 7E B € 382 (Report of the SARS Expert Committee)

http://www.sars-expertcom.gov.hk/tc_chi/reports/reports.html

RiERERLE 2003 &0 LA

http://evchk.wikia.com/wiki/2003%E5%B9%B4%E6%B2%99%E5%A3%

AB%E7%96%AB%E6%BD%AE
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fﬁ, P iT 5
To Trust, or Not to Trust — Gini Coefficient

School Name: Shau Kei Wan Government Secondary School
Name of Student: CHAN Ngo-kiu, Baycle

Supervising Teacher: Ms. WONG Pui-shan

Abstract

The Gini coefficient is commonly used to measure the income gap
in a country. It measures the dispersion of all income levels in the
population. This index ranges from 0 to 1 represented perfect
equality to maximal inequality respectively. With a score of 0.539 in
2017, Hong Kong is one of the countries in the world with the
highest income gap. With a country like Ethiopia has the Gini
coefficient at 0.33 is a narrower income gap than Hong Kong.
However, a conclusion cannot be drawn that Ethiopia is having a
fairer economic condition than Hong Kong as the notion is counter-
intuitive. The absolute income level using GDP is introduced to
factor in the relative living standard between the two countries. The
economic development of Ethiopia is far behind than that of Hong
Kong resulted in substantially lower absolute income levels, hence
the living standard, of Ethiopia. The Gini coefficient is a good

measure of the income gap in a country, but for a comparison
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between countries, other factors would need to be taken into account.
Interpretation of statistical results is required to put into the

appropriate context to derive a correct inference.

Calvin, a research student in the Engineering Department in the
Hong Kong University was reading a newspaper on his tablet in a

campus cafe. His classmate, Dawit, from Ethiopia, saw him.

T P ——

e

Dawit hailed, ‘Hello, Calvin.’

What hope for the poorest? Hong Kong wealth gap hits
record high

Calvin said, ‘Hi, Dawit. How are

you doing?’

‘Not bad. You?’

‘Alright. You see. I am reading this article about income gap in Hong
Kong. I think it is outrageous. The Census and Statistics Department
released the household income distribution report showing “Hong
Kong as the world’s second-most unequal city in terms of income.”
The Gini coefficient increased from 0.537 in 2011 to a record high
0f 0.539 last year...’
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Dawit interrupted, ‘Well. But...’

Calvin continued, ‘What is more? The income of the richest ten
percent of households is 44 times of that of the poorest 10 percent

who earned only HK$2,560.”

Dawit questioned, ‘How is the problem? Compared with my home

country, Hong Kong is doing a lot better. What is your complaint?’

‘Can’t you see the Hong Kong’s Gini coefficient stays on a high

level and keep rising? Let me check the index of your country.”

After a few swipes and taps on the screen of his tablet, Calvin

exclaimed, “‘Wow! Come and see it yourself.’

Dawit was looking over the tablet as Calvin pointed to a figure
shown on the webpage and said, ‘The number for Ethiopia is 0.33. It
is low indeed. It ranks 113 place in the low end out of 156 countries

while Hong Kong sits high up at the 9th place in the table.’

Dawit rebutted, ‘But this is not true ...’
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Calvin interrupted, ‘No “but”. The numbers would not tell lies. It is

clear that Ethiopia is doing better than Hong Kong.’

‘It is really absurd.’

At this time, Sophie, a common friend of them, approached.

‘Hi, guys. What’s up? Look like you two are in an argument. What

is it all about?’

Dawit said, ‘We are discussing Gini index. Calvin insists Ethiopians

are doing better Hong Kong people. But I don’t think this is right.’

Sophie said, ‘Well. I come at the right time as I have just learned
Gini index in my econometrics course. Maybe I can try to explain
how to apply it to explain income distribution and what else we

should look at to make a comparison between nations.’

‘Before we look at the Gini index, I want to introduce you to the

concept of dispersion.’

“You all know rolling of dice, right? I can use it as an example. Let

me pull the tables and charts from my tablets to show you the
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details.’

‘This table displays the possibilities of occurrence for the sum of two
dice. 2 and 12 have only one possibility because there is one possible
combination only: 1+1 is 2 and 6 + 6 is 12. 7 has 6 combinations: 1
+5,5+1,2+5,5+2,3 +4 and 4 + 3. So 7 has a highest chance or
probability of occurrence, in other words, it has the highest

occurrence frequency.

Sum of two dice 2 3 4 5 6 7 8 9 10 11 12 Total
Frequency 1 2 3 4 5 6 5 4 3 2 1 36
Probability | 0.027778 | 0.055556 | 0.083333 | 0.111111 | 0.138889 | 0.166667 | 0.138889 | 0.111111 | 0.083333 | 0.055556 | 0.027778 1

‘Plotting the numbers on a graph, we have a bar chart showing the
distribution of the sum of two dice against the frequency of the
occurrence. This bar chart shows what we call a discrete probability
distribution made up of discrete random variables in statistics. The

random variable provides a measure of outcomes of random events.’

Roll of Two Dice

BN

MY

FRECL
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‘The mean of a discrete random variable is the weighted mean of the

12
values. The formula is sz, = x, p, + x,p, +...+ x,,p,, = »_x,p, - In other
i=1

words, multiply each given value by the probability of getting that

value, then add everything up.’

‘The variance of the discrete random  variable is

12
o’ =Z(xi —,u)2 D -
P

‘It is a little complicated for working out the variance of continuous

random variables as calculus is required, but the principle is the
b
same. The formula is o~ =J. (a—pu)f (x)dx

‘We can also use a curve to represent the dispersion giving you a

more intuitive feel of the dispersion.’
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‘I think you guys have a good understanding of dispersion in

statistics now. Now then, I will move to talk about Gini coefficient.’

‘Gini coefficient is a measure of statistical dispersion to compare the
income or wealth of a country’s population and is a common adopted
index for evaluation of inequality. It is also handy to use it to make

comparison across nations.’

‘Income levels in a country ranges from lowest to highest based on
their economic development. Different income levels are considered
as values of a frequency distribution, like what I explained earlier.
The Gini coefficient ranges from 0 to 1. A value of 0 represents
perfect equality; in other words, every citizen of the nation is earning
the same income. A value of 1 or 100% points to maximal inequality;
meaning one person or a small group of citizens has all the income
and everybody else has nothing. Of course, in reality, these two

scenarios scarcely happen.’

‘The Italian statistician, Corrado Gini has developed the measure of
Gini coefficient in 1912 and used it as the study of the inequality of
a distribution. The Gini coefficient is based mathematically on
Lorenz curve which is a graphical representation of the distribution

of income or wealth developed by Max Lorenz in 1906. On this

104



chart, the Lorenz curve presents the proportion of the income earned
by any given percentage of the population. The line of equality
sloping at 45 degrees indicates a perfectly equal income

distribution.’

100%

Cumulative share of income earned

100%
Cumulative share of people from lowest to highest incomes

“This chart gives you an example of how to read it. The 20% of the
population earns 5% of the income compared with 20% income on
the Line of Equality. The area A enclosed by the Lorenz Curve and
the Line of Equality is the income gap. Gini coefficient is calculated
by Area A divided by sum of Areas A and B. The more the Lorenz
Curve shifts to the right, the larger is the Gini coefficient since the

numerator grows faster than the denominator.’
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‘So far, do you have any questions, Calvin and Dawit?’

Dawit said, ‘Very well. You explained the Gini coefficient clearly.

But it didn’t explain the case of Hong Kong and Ethiopia.’

Sophie replied, ‘Bear with me. I will come to this next.’

‘I am going to show you the Gini coefficients of 4 countries. They

are South Africa, Hong Kong, Ethiopia and Luxembourg in the

descending order.’
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Gini Index

Country Gini Index
O ——— South Africa 0.625
. Hong Kong 0.537
Ethiopia 0.33
- Luxembourg 0.304

“The chart speaks louder than words. In term of income distribution
within the country, Luxembourg and Ethiopia are doing the best
among the 4 countries. Calvin is perfectly correct in this regard. But
what not to forget about the use of the Gini coefficient is to single
out the factor of income distribution but ignoring other factors such

as economic development and absolute income levels.’

‘As the Gini coefficient is a normalised index to allow values
measured on different scale to a notionally common scale. So we can
use the normalised values of Gini coefficient to compare those
values in datasets of different countries. It allows the index to be

compared across countries regardless the absolute income levels.’

“That is why Calvin said Ethiopia is doing better than Hong Kong.
In more precise terms, what he meant is the income gap in Ethiopia
is less severe than Hong Kong. The Lorenz Curve of Hong Kong is
on the right side of Ethiopia.
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. Ethiopia

. Hong Kong

National income

‘We look at the absolute income levels in the two countries. Here 1
introduce the concept of GDP or Gross Domestic Product which is
the surrogate measure of income. I believe you have heard on TV or
read in the newspaper of GDP which measures how much a country

produces or earns in a given year.’

‘Using GDP per capita is more appropriate due to the difference in
population. The GDP per capita is GDP of the country divided by its
population. The chart and the table show the GDP per capita for the
4 countries mentioned in the ranking of the GINI coefficient in

descending order.’
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GDP per Capita

Country Spe r;;:: pita

h Luxembourg 109,100
- Hong Kong 61,000
. D South Africa 13,400
’ Ethiopia 2,100

“You can see the startling differences in the numbers. Luxembourg
has the highest GDP, Hong Kong comes second, South Africa the
next and Ethiopia lowest. Luxembourg earns 51 times more than
Ethiopia. Ethiopia earns less than 4 percent of the income of Hong

Kong.’

‘If we put the two charts of Gini coefficient and GDP side by side,
the trends of Gini coefficient and GDP go into different directions.
Interestingly, Luxembourg has the lowest GINI coefficient, but the
highest absolute income while South Africa has the highest GINI
coefficient with a second lowest income. Hong Kong and Ethiopia
have mixed results. Hong Kong has a relatively high in Gini
coefficient and income and Ethiopia has a fairly low Gini coefficient,

but the lowest income.’
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Gini Index GDP per Capita

‘How to make sense of these two sets of data? Gini coefficients of
the 4 countries are plotted against GDP per capita to come up with
this chart. [ have drawn one horizontal line and one vertical line to
divide the graph into 4 quadrants. Upper left quadrant where
Luxembourg situated represents countries with low Gini coefficient
and high GDP. Upper right quadrant where Hong Kong is located
indicates countries with high Gini coefficient and high GDP. The
other two are lower right and lower left quadrants. The former
containing Ethiopia which has low Gini coefficient and low GDP

and the latter has high Gini coefficient and low GDP.’
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Gini coefficient vs GDP per capita
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“This chart displays there is no fixed relationship between Gini
coefficient and GDP. Though Hong Kong has much wider income
gap, the absolute income of Hong Kong is high. To put it into
economic context, Hong Kong is a developed country with a high
GDP level. But its economic development does not benefit evenly
among the entire population. People of higher income has taken a
larger share of economic growth reflecting in the increment in their
income while those of lower income have gained a small share on

average.’

‘On the surface, Ethiopia enjoys a low-income gap, but looking at
the income level is an appallingly low level of USD 2,100. It can be
interpreted as Ethiopians are equally poor because the overall

economic growth is low and does not benefit many people.’
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‘True that Calvin pointed out the low Gini coefficient in Ethiopia is
a good thing. However, it might not be appropriate to compare with
Hong Kong as the income levels of the two countries have a huge
discrepancy. The reason why is the difference in the stage of
economic development. Ethiopia is still a developing country at the
low end of economic development phase. Hongkongers, on average,
earn 29 times as Ethiopians. So even the low-income groups in Hong
Kong may earn more than the high-income group in Ethiopians.
From this economic perspective, Hong Kong enjoys a much higher
living standard than Ethiopians. Dawit, you are equally right in
proclaiming Hong Kong is in a significantly stronger economic

status, despite the increasing income gap.’

‘Calvin, Dawit, you are both right depending on how we phrase the
question and frame the model of investigation. To sum it up, simply
to investigate the income gaps between countries, the Gini
coefficient is sufficient. When also considering the economic
strength and living standard, other indicators like GDP should be

included.’

‘Calvin, Dawit, are you happy with my explanation?’
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Dawit exclaimed, ‘Thank you very much, Sophie. Your lecture is
superb and has enlightened me. I have learned a good lesson not only
about Gini coefficient but how to interpret the result in the economic

context.’

Calvin said, ‘Sophie, thank you. I now have a full picture and have

learned not to rely on a single factor when looking at an issue.”

Sophie continued, ‘If we plot the chart with all the countries in the
world, we get something like this. We may then be able to do some

analysis and research and draw economic conclusions,’

Gini coefficient vs GDP per capita
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“To extend the analysis to include more economic and social factors,

multivariate analysis can be used to study more complex situations
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in the real world. Not limited to economics, statistics can be used in
demography, geology, ecology and any other fields with big data sets
to draw inference for understanding trends and application to the real

world.’

‘Alright. Really enjoyed our sharing notes on some interesting
subjects. Got to go. See you later.”

(No. of words: 2270)

References

1. The Gini Coefficient figures of Hong Kong is retrieved from
http://www.scmp.com/news/hong-
kong/economy/article/2097715/what-hope-poorest-hong-kong-

wealth-gap-hits-record-high
2. The Gini Coefficient and GDP figures of the 4 countries
retrieved from https://www.cia.gov/library/publications/the-

world-factbook/rankorder/2172rank.html

3. The Source of Lorenz curve

https://en.wikipedia.org/wiki/Lorenz_curve

114



The article from  South China  Morning  Post
http://www.scmp.com/news/hong-
kong/economy/article/2097715/what-hope-poorest-hong-
kong-wealth-gap-hits-record-high

Gini, C. (1912), Variability and Mutability, C. Cuppini,
Bologna, 156 pages. Reprinted in Memorie dimetodologica
statistica (Ed. Pizetti E, Salvemini, T). Rome: Libreria Eredi

Virgilio Veschi (1955).

Gini, C. (1936) On the Measure of Concentration with Special
Reference to Income and Statistics, Colorado College

Publication, General Series No. 208, 73-79.

Lorenz, M. O. (1905). "Methods of measuring the
concentration of wealth." Publications of the American
Statistical Association. Publications of the American Statistical

Association, Vol. 9, No. 70. 9 (70): 209-219.

115



BRI
Assassination — ES.Drump
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CHAN Pui -wing

Supervising Teacher: Mr. Chan Pak Kei

Assassination - ES.Drump
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Part 1

One day, Perry was watching the TV.

|!(

President ES.Drump has been ranked as
the worst president

Perry whispered, ‘This ES.Drump is such a bigot. No matter what he
has done, he is damaging our society. I have to kick him down from

the seat of the President. I have to be the Savior of the world!’

Suddenly, a plan to kill the President appeared at Perry’s mind. He
then found Tiffany, his girlfriend, for help.
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< m Tiffany

TODAY

Hey, Tiffany @ & ... ,
Perry, what's up? & &2

Do you want to do something
incredible but dangerous? 23:46 W

Of course, if i work with you

| am planning to assassinate
ES.Drump. Are you interested in it?
23:47

Of course ()& but why

As he has been wrecking our
society!!! If he doesn't die, we will die

00 23:47 W/

N,

Ok, shall we ask Valerie for help? She

© | %eo
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Of course, if i work with you

| am planning to assassinate
ES.Drump. Are you interested in it?

Of course (.3 &2 but why

As he has been wrecking our
society!!! If he doesn't die, we will die

©

0k, shall we ask Valerie for help? She
is good at statistics. 3¢5

Your best friend that I've met before,
right? () 4

Yes, she is believable

_ lwillask her .

©| %so

After that, Perry thought that Valerie is Tiffany’s best friend. She

should be with us. It would be better for him to ask her.
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& 'f:) 8 valerie

TODAY

Hi, Valerie 5.

Oh hi Perry 25235

| am carry out a mission secretly, can

rrrrrr

1A-E 5 4
<4 23:55 W

Ok
What's it? ()

But you have to keep it as a secret

23:56 W

| am going to send mercenaries to kill
ES.Drump

' & [~ 4
3-57 L

Well, ok. I'm in.

® | %ao

Perry thought that she was quite straightforward.
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After finding the two helpers,

he was focusing on recruiting mercenaries with them.

Part 2
After 2 months, Perry, Tiffany
and Valerie were working in a

house.

Suddenly, a message was sent

to Perry’s phone.
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< A7% Valerie

‘& online

TODAY

Hey
Perry
| have just finished the analysis

Would you like to have a look now?

Ok 21.08 w

Valerie, please sendittome -5 »

E Performance of 1000 merce...

Thank you 1-00 &/

Can you come out? 5400 »

| want to have a discussion of the
analysis with you and Tiffany -0 »

© %so
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Walking towards Perry, Valerie said, ‘Boss, what do you want to

discuss?’

‘Wait,” Perry replied, and turned his face to Tiffany. ‘My dear, come
here. We have to discuss the performance of our soldiers who are

going to assassinate ES.Drump,’ Perry asked.

‘Ok. I'm coming,’ replied Tiffany.

On the other side, when Valeric was

walking towards Perry, she started to record

the conversation between them using her

phone.

Part 3
Valerie said, ‘Boss, in the test,
assassinators were tested
separately in the same room with

the same test in different times. In

1000 appliers, only 60 of them
could pass all the tests which are some basic requirements for our

killers.’
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Tiffany added, ‘The tests include unlocking handcuff, escaping the

secret chamber and climbing up the wall.’

Perry said, ‘That seems great! Which country do they mostly come

from?’

Tiffany replied, ‘There are 30 of them from Russia and 30 of them

from China.’

‘Well, I think it’s good for our communication. In order to enhance
the co-operation and communication, those recruited assassinators
would be better if they come from the same country. So, we should

analyse them in two groups, Russian and Chinese,’ said Perry.

Valerie said, ‘Ok, I've tidied up the data. Here is the data of

unlocking handcuft.’

Perry whispered, ‘Yes. The assassinators need this skill to escape

when they are caught.’
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“You’re right. Escaping from enemy at once is very important.’

Time for Unlocking Handcuff (s)

Russian Chinese
4040414345 1018 1920 27
4952 56 56 57 3136384045
5759616161 5052 54 54 60
6263 63 65 65 60 60 63 67 70
66 69707077 72 81899099

77 8083 87122 108 120 120 121 122

Valerie said, ‘I’ve analysed the data for this test. In my opinion, the

Chinese performed much better.’

30
1
Mean = %Z n, where n, be rt" datum

r=1

15th datum + 16th datum
2

Median =

Mode = the most frequent datum
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Time for Unlocking Handcuff (s)
Russian Chinese
Mean 63.23 63.2
Median 61 60
Mode 61 60

Tiffany replied, ‘Oh, yes. The mean time of Chinese is shorter than
Russian. Chinese must be better than Russian. They can be our dawn

of career.’

Perry doubted, ‘Wait... How come you use mean, mode, median to
analyse these data? The median and mode is the same while mean is
very similar. Comparing these data may not give us a valid

conclusion. Moreover, team

—

i

spirit is also an important factor. g
They should perform in similar
result for having a sync mind.

We would have a better analysis of the dispersion of the data.
Dispersion is the extent to which a distribution is stretched or
squeezed. Range will be a simpler way to find out dispersion in this

case.’
Tiffany asked, ‘What is the meaning of range?’

‘Range is the difference between the maxima and minima. The

greater the range, it means the existing of extreme value or the
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greater dispersion of data,’ replied Perry.

She continued, ‘Yes, but the maxima of both Chinese and Russian
are 122s. For the minima, the Chinese’s is much smaller than the

Russian’s.’
Range = The maximum data — the minimum data

Perry wrote some calculation on a piece of paper.

Range of Russian
=122 -40 = 82

Range of Chinese
=122-10=112

Perry replied, ‘It is true. The range of Chinese is larger than that of
Russian. But as you can see, the performance of Chinese contains 5
extremely large data (i.e. 108, 120, 120, 121, 122) and 4 extremely
small data (i.e. 10, 18, 19, 20) while that of Russian just contains 1
extremely large datum (i.e. 122). Extreme value may affect the result

of the measuring the dispersion.’

‘Also, the time for Russian to unlock handcuff is similar to each
other but not as various as Chinese. So Russian is better in this task,

right?” disturbed Tiffany.
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“You are so smart, my beloved. Assassination requires team spirits
but not individualism. If only 1 or 2 of them perform better, our
mission is bounded to fail. Therefore, it is better for all of them to

have a similar performance,’ continued Perry.

Part 4
‘OK. Here are the data of
escaping secret chamber.
This task is to check their
analytic skills and calmness

when they have to find the

way to get inside the

President’s House,’ said Valerie.

Time for escaping secret chamber (min)

Russian Chinese
20.00 29.50 29.95 32.15 32.40 20.50 34.00 35.50 35.75 36.00
33.00 33.00 34.00 34.00 34.25 36.5037.00 37.50 37.90 38.00
35.00 35.50 36.00 36.50 38.00 38.25 38.80 39.00 39.00 39.00

38.00 38.00 39.50 39.50 40.00
40.00 40.00 40.00 42.50 43.00
45.00 45.50 47.00 48.50 80.00

39.90 40.00 40.75 41.00 42.30
44.00 47.00 49.00 49.20 50.50
51.00 52.50 53.00 54.50 61.00

‘Do they have to find hints on their own?’ asked Tiffany.

‘Of course. Oh yes! Here are some calculations for median, mode

and range.’ Valerie added.
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Time for escaping secret chamber (min)

Russian Chinese
Median 38.00 39.00
Mode 40.00 39.00
Range 60.00 40.50

‘They got the similar mode and median. But the range of Chinese is
much lower than that of Russian. So, Chinese performed better in

this case, right?’ analysed Valerie in deadly earnest.

‘Emm ... well, actually Russian should perform better. We can’t just
refer to the range as it will be affected by some extreme data easily.

This time, we may use inter-quartile range,’ replied Perry.

‘What is inter-quartile range?’ asked Tiffany.

‘It is the difference between the datum of 25% and the datum of 75%.
In this case, it will not be affected by the extreme value easily.’

explained Perry.

‘Why my method is all banned by him ... How can I .......

whispered Valerie with nobody heard.
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25% quartile is represented by 25th percentile

50% quartile is represented by 50th percentile

75% quartile is represented by 75th percentile
Interquartile range = 75% quartile — 25% quartile

Time for escaping secret chamber (min)

Russian Chinese
25% quartile 33.50 37.25
50% quartile 38.00 39.00
75% quartile 40.00 48.00
Inter-quartile range | 6.5 11.25

‘Oh really! Everything changes!’ shouted Tiffany.

‘Yes. As we can see, no matter which quartile, Russian still

performed better. Besides, for the inter-quartile range of Russian is

smaller than that of Chinese. It also means that the performance of

each mercenary is less various to each other compared to the

Chinese,’ said Perry.

‘Well ... How can I change his

mind ...... > whispered Valerie.
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Part S
Tiffany said, ‘This is the result of climbing up a wall with tying a

rope on their own.’

Valerie added, ‘This test
is to check their
nimbleness and
dexterousness  because
they have to climb up the

enclosure of President’s

House and get rid of the

infra-red in some rooms.’

Time for Climbing up a 8-meter wall with tying a rope on their
own (min)

Chinese

0.501.001.101.251.30
2.003.00 3.25 3.50 4.00
4.504.75 4.804.955.00
5.105.105.20 5.50 5.70
6.00 8.10 8.10 8.10 8.20
8.20 8.25 8.25 8.30 10.00

2.002.00 2.20 2.50 2.75
2.752.802.854.004.25
4.304.504.604.754.75
7.457.507.507.65 7.80
7.907.907.909.009.10
9.259.509.609.75 9.75

‘Well, this time should be in no doubt that Chinese perform the best,’

Valerie did some rough calculations.
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Time for Climbing up a 8-meter wall with tying a rope on their
own (min)
Russian Chinese
Range 9.50 7.75
25% quartile 3.00 2.8125
50% quartile 5.00 4.75
75% quartile 8.10 7.90
Inter-quartile range | 5.10 5.075

‘I did according to what you’ve said, boss. We should calculate the
range first to estimate which side is better. It is clear that Chinese has
a lower range. Besides, all the three quartiles and inter-quartile range
show that Chinese mercenaries need less time to climb up the wall,’

Valerie added.

Tiffany surprised, ‘Oh, Russian performs relatively poor in this task.’

Valerie continued, ‘Actually, this
task is much important than other
two  tasks.  Usually, it’s
impossible that all the killers are

caught at the same time. Also,

using analytic  skills and
investigating the surroundings can be conducted by only a few
people. They can work in small groups. Thus, these small groups can

still find out the password when they are getting inside the
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President’s House. As a result, the Chinese assassinators still should

be recruited.’

Perry said, ‘Wait. Wait. Wait.
Valerie, you should remember
that team spirit is the most
essential part of a team. Without

it, we are bounded to fail.

Through helping each other, they can perform better because of their

friendship and spirit.’

Valerie disturbed, ‘Yes. I understood but ...’

Perry said, ‘I know what you want to say. But there are some fatal

mistakes you’ve made, Valarie.’

Part 6
‘Firstly, let’s focus on task 3. I’ve got no idea that why you don’t use
another measurement of data when you get similar result of range

and inter-quartile range,” questioned Perry.
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Time for Climbing up 8-meter wall with typing a rope on their
own (min)
Russian Chinese
Mean 5.09167 5.95167
Median 5.00 4.75

‘There is about 1-minute discrepancy between the Russian and the

Chinese. So Russian performed better, didn’t they?’ continued Perry.

‘But why don’t we choose Chinese who used less time to climb up

the wall?’ asked Tiffany.

‘As I’ve said, they are not
individual but a team. They
should have a similar ability to

strike for something. Bear in

mind, our mission is to slip into

the President’s House and assassinate the President ES.Drump.’

Valerie smiled secretly.

‘But you take a look at the performance of Chinese. Their results can
be divided in 4 main groups clearly. Or maybe we can use the

standard deviation to explain the dispersion of data.’
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‘What is standard deviation?’ asked Valerie.

‘It is a measurement for quantifying the amount of variance in a set
of data. A lower standard deviation indicates each datum tend to be

closer to the mean. In this case, we get the mean and standard

deviation as follows. X1 represents the first datum

X, representsthe n" datum

X represents the mean of data
n represents the no. of data

o represents standard deviation

(x; = %)%+ (x; = %) + (x3 —X)*+... +(x, — X)?

n
Time for Climbing up 8-meter wall with typing a rope on their
own (min)
Russian Chinese
Mean 5.09167 5.95167
Standard deviation | 2.63116 2.72701

‘Since standard deviation of Russian is smaller, their consistency is
higher than that of Chinese. Though the difference between data of
two standard deviations is smaller, Russians still perform better and

more reliable,” analyzed Perry.

‘I don’t understand. Can you give me an example?’ Tiffany added.
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‘Well, let me sketch a graph for you,’ said Perry.

Time for Climbing up a 8-meter wall with tying a rope on their
own (min)

Russian Chinese
0.501.001.101.251.30 2.002.002.202.502.75
2.003.003.253.504.00 2.752.802.854.00 4.25
4.504.75 4.804.95 5.00 4,304.50 4.60 4.75 4.75
5.105.105.205.50 5.70 7.457.507.507.657.80
6.008.108.108.10 8.20 7.907.907.909.009.10

8.20 8.25 8.25 8.30 10.00 9.259.509.609.759.75

Time for Climbing up a 8-meter wall with

" tying a rope on their own

12 A

N o
- il

2 N\

1.5 4.5 7.5 10.5

~—Russian

——Chinese

No. of mercenaries

Time needed to finish the task (min)

As you can see, the performance of Russian is more left-shifted than
that of Chinese. If we randomly send 2 killers to conduct a mission
involving climbing up a wall, the probability of the killers getting

over the wall within 9 min will be like this,” analyzed Perry.
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According to the table,

P(Russian killers can finish within 9 min / 2 killers climbing up a wall)
c3?
Gy

406
T 435

= 0.933

P(Chinese Kkillers can finish within 9 min / 2 killers climbing up a wall)

24
= 30
G

276
T 435

= 0.634

“The mission can be conducted in
an efficient way. Besides, time
getting inside the wall of the
President’s House should not

be too various because our time

to assassinate the President is
extremely limited. Therefore, Russian mercenaries are much
better. Though there is just only extreme value of Russian, training

one killer is less time-consuming.’
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Valerie smiled secretly again.

‘Secondly, what if the killer caught is worse in unlocking handcuff?
There are 5 extremely slow cases in Chinese while there is only 1 in
Russian. Let’s calculate the possibility of one killer who is weak at

unlocking handcuff if 2 killers are caught.

Time for Unlocking Handcuff (s)

Russian Chinese
4040414345 1018192027
4952 56 56 57 3136384045
5759616161 5052 54 54 60
6263 63 65 65 60 60 63 67 70
6669707077 7281899099
77808387122 108 120120121 122

P(1is weak at unlocking handcuff / 2 Russian Kkillers caught)
cicy?
— &
29
T 435

= 0.0667

P(1 is weak at unlocking handcuff /2 Chinese killers caught)

cicye

130
T 435

= 0.29885

138



‘You see? It will be far more
dangerous if we send Chinese killers
without training to execute mission.
However, it seems be time-
consuming for training 4 rather than

training 1.

‘My dear, you’re fantastic! You get the strong foresight!’ appreciated
Tiffany.

‘But how about task 2? Why can’t Chinese ...?’
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‘Well, actually, I have talked about it. Don’t you have listened to?’

Perry shouted angrily.

Time for escaping secret chamber (min)

Chinese

20.00 29.50 29.95 32.15 32.40
33.00 33.00 34.00 34.00 34.25
35.00 35.50 36.00 36.50 38.00
38.00 38.00 39.50 39.50 40.00
40.00 40.00 40.00 42.50 43.00
45.00 45.50 47.00 48.50 80.00

20.50 34.00 35.50 35.75 36.00
36.50 37.00 37.50 37.90 38.00
38.25 38.80 39.00 39.00 39.00
39.90 40.00 40.75 41.00 42.30
44.00 47.00 49.00 49.20 50.50
51.00 52.50 53.00 54.50 61.00

Time for escaping secret chamber (min)

Russian Chinese
Mean 38.658 41.945
Standard deviation 9.5872 7.8438

‘However, according to the standard deviation, Chinese really

performed better!” Valerie said with doing the calculations.

Tiffany surprised, ‘Oh really? Perry, did you estimate wrongly?’

‘Well, No. According to your analysis, each datum of Chinese is
close to each other. However, the mean of Chinese is much larger
than that of Russian. What if we remove one extreme value on both

sides? Continued by Perry.
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Time for escaping secret chamber (min)

Chinese

20.00 29.50 29.95 32.15 32.40
33.00 33.00 34.00 34.00 34.25
35.00 35.50 36.00 36.50 38.00
38.00 38.00 39.50 39.50 40.00
40.00 40.00 40.00 42.50 43.00
45.00 45.50 47.00 48.50 80.00

20.50 34.00 35.50 35.75 36.00
36.50 37.00 37.50 37.90 38.00
38.25 38.80 39.00 39.00 39.00
39.90 40.00 40.75 41.00 42.30
44.00 47.00 49.00 49.20 50.50
51.00 52.50 53.00 54.50 61.00

Russian Chinese
(Without datum 80) | (Without datum 61)
Mean 37.23 41.28
Standard deviation 5.8409 7.1199

‘Wow!’ The standard deviation becomes smaller!’

‘Of course. Since there is a datum in each group much larger than

the mean,

standard deviation

should be reduced. Overall

performance is better as Russians’ mean is smaller. Also, since the

standard deviation becomes smaller, the consistency is higher. We

can get a mercenary having similar performance easier,” Perry

analysed.

‘We may refer to this graph. Actually, the data of Russian tends to be

on the left hand side except an extreme value,” Perry continued.
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Time for escaping secret chamber (min)

»

E; !

=20 |

1]

= |

§ 15 |

w i

E 10 | Russian
"a e Chingse
[}

2

25 a5 as 55 G5 75

Time needed to finish the task

‘If escaping the secret chamber within 35 minutes is not standard,
most of them cannot pass the mission. We may have to find more
killers with higher ability of analytic skills. If we need to find 100
more people escaping the secret chamber within the standard (i.e. 35

minutes), we use normal approximation. Just like this.’
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Let R be time needed for a Russian killer escaping the secret chamber,
then R~N(38.658, 9.58722)

‘ Total number of killers

P(R<35—i) _ 100
a - n /
P( 35 — 33.658) _ 100

9.5872 n

100
P(R < —0.38) = T

100
P(R<0)-P(-038<R<0)= e

100
0.5 —0.1480 = S

n = 284.09

Let C be time needed for a Chinese killer escaping the secret chamber
then C~N(38.658, 9.58722)

100 l Total number of hillers

35—2)

P(C<
o

n

P( 35— 41.945) _ 100

7844 /) n

100
P(C < -0.88) = T

100
P(C=0)—-P(-088<C=<0)= o

100
0.5-0.3106 = e

n = 52798
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‘As you see, we only need to find 284 Russians, and we can get 100
extraordinary killers. For Chinese, we need to find 528 Chinese, but
only get 100 excellent killers. The cost of finding 284 Russians is
much cheaper than that of 528 Chinese which will be quite time-
consuming and less convenient. Thus, Russians should be our only

option,’ said Perry.

‘My dear, you are the best!” appreciated
Tiffany.

Valerie remained silent.

Part7
Bang! Suddenly, the main door
of the house was broken. A E=
barrage of police holding
machine guns rushed into the

room and encircled them.

‘Put everything down and hand up or we shoot!’ shouted the police.
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‘Wait! Wait! Wait! What’s up?’ Perry asked.

‘What’s going on?’ Tiffany yelled.

Valerie still remained silence.

‘According to the intelligence, we believe that you are going to

participate in an assassination.’

‘No, we don’t! Does anything go wrong? We’re just citizens abiding

by laws!” argued Perry.

‘...Our mission is to slip into the
President’s House and
assassinate the President
ES.Drump.’ Valerie was
transmitting the sound record from
her mobile. ‘...time getting

inside the wall of the President’s

House should not be too various as our time to assassinate the

President is too limited. Therefore, Russian mercenaries are

much better.’
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She stopped her phone and put it into her pocket.

‘Why do you betray me? I’'m your best friend!’ cried Tiffany.

‘Nope. My life has already been
consecrated to my country.
Anyone who want to assassinate
the President of my country, he or
she is killing my country. No

matter who he or she is, I must put

him into the jail until the end of

his or her life!”

‘The crazy regime will be never success! There will always be

someone to oppose the political power,” Perry yelled angrily.

‘Oh really? Let’s see in the future. By the way, in my deepest notion,
actually I want you to choose
Chinese mercenaries for your
assassination. Therefore, our

America government can have

an excuse to attack and invade
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China with nuclear power. I have been using Pygmalion effect to lure

you choosing Chinese but only Tiffany is lured.’

‘Pygmalion effect? What’s it?’ asked Tiffany.

‘It’s a psychological theory. It means that when someone tells you
her opinions with emotional words or expresses her ideas indirectly
and implicitly, he has actually affected our minds and action. Just
like you, Tiffany. When Valerie said Chinese should be chosen with
statistics, which actually misleading us, you deeply believed.’ Perry

explained.

‘Wow! Incredible! I’ve never expected you are that smart! But still,

caught by me,’ laughed Valerie.

‘I am a human, loyal to statistics. You? A cold and ruthless dog!’
Perry shouted, ‘We still have the chance. There was lots of Presidents
being assassinated before such as Abraham Lincoln died in 1865,

James Abram Garfield died in 1881, John Fitz Gerald Kennedy died
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in 1963 and so on. By
Murphy’s Law, anything that
can go wrong will go wrong. If
someone has succeeded to

assassinate the President, there

will always be another one who

can kill this Trump finally...’ said Perry.

‘Wow, that’s a funny joke.” Valerie said.

‘Though that person may not be one of us, we deeply believe that

there is always a Savior in our society,’ said Tiffany.

‘By self-fulfilling theory, if we expect something would happen, it

will finally come true! This is our prophecy! Let’s see in our future’

said Perry.

‘That’s enough! Put these two
criminals into the jail immediately.
I don’t want to hear their voices

anymore!’ shouted Valerie

discontentedly and angrily.
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Perry and Tiffany were then pulled away by the police force. Soon,
the room was empty except Valerie. Everything becomes silent.
(No. of words: 2499)
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https://en.m.wikipedia.org/wiki/Pygmalion_effect
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The Use of Neighbours in Improving Prediction
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Simon K.C. Cheung
Department of Statistics and Actuarial Science,

The University of Hong Kong

The use of neighbours in providing a ball-park approximation
is very common. We can find applications in valuation of a real
estate, supplying the quotation of a new product and even pricing of
a Lego product that was ceased in manufacturing. The underlying
reasons why it works are multi-folded. Firstly, we like to compare.
It happens in many of our daily life activities. First, when two people
performed similarly, their performance scores should be identical.
Otherwise, the one who receives a lower score would complain.
Second, when we are offered a certain price for a service, it would
be hard for us to accept a higher offer elsewhere if the quality and
reliability of both companies are identical. Third, when our friend
purchased a product, for example, an Apple watch, we always want
to own an identical or similar product. The concept of comparison is
deep down in all of us. It also makes the idea of neighbour intuitively
appealing. Secondly, fundamental to our value system, matters are
composed of features. Value of a target variable on an object is
determined by the application of a set of weights on the features or
functions of features. Thus, objects with similar features have similar
values on the target variable. The same reason also serves to explain

why multiple regression does not work sometimes. In a multiple
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regression analysis, we specify a dependent variable (target variable)
and a set of explanatory variables. Each explanatory variable can be
considered a function of the features. Since the explanatory variables
aggregately cannot cover all the aspects of the features, it follows
that the residuals in the regression analysis and the explanatory
variables are not independent. We often describe such situations as
missing important explanatory variables. Lastly, the data generating
mechanism can actually originate from a dependent process. Instead
of generating the observations independently, observations are
generated as a single realization. The residuals from such a
regression can never be independent. Perhaps the best example of
this kind of data is spatial data. Air pollution on different locations
are dependent. The closer the locations, the higher is the correlation.
Other examples can be found in relational databases. Companies and
shareholders are linked together in a database of listed companies

and movie ratings connect users and movies in a movie database.

Although we are interested in estimating the target variable of
an arbitrary instance in a population, we only observe a random
sample from the population. For example, we usually would like to
find a fair market price of an apartment we would like to purchase
or sell. But what is available is the transaction prices of a list of
apartments. Another example is that we usually need to estimate a
fair value of a company before it is going to be listed and such
estimation comes from the market values of a set of listed companies
each of which operates businesses in the same or similar industries.
Thus, we arrive at the following observations. First, due to limited

resources, we can only select neighbours from the observed sample.
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This is in fact a source of inaccuracy in using neighbours for
prediction. Second, when a network exists in the population either
tangibly or intangibly, the local Markov property assumes that the
conditional distribution of any observation given its neighbours is
identical to that given the rest of other observations. In other words,
conditional on its neighbours, an observation is independent on the
rest of other observations. This conditional independence property
provides a theoretical ground for us to use neighbours to form
prediction of an observation outside the sample. Third, when a
network is not clearly defined, the common practice is to define a
distance function between any pair of observations. The belief
behind the use of a distance function is that the smaller the distance
between two observations, the higher is their correlation. The most
commonly use distance function is the Euclidean distance function.
Note that the use of a distance function implicitly assumes that any
two observations are neighbour of each other. The stationarity
assumption asserts that the joint distribution between any pair of
observations depends only on their distance. A weaker form of this
stationarity assumption asserts that the covariance between any pair
of observations is a function of their distance. This assumption
portrays the dependence structure among observations in the

population. It therefore forms the basis of prediction.

We would like to present three cases in which neighbours are
used to assist in predictions. The first exercise is to predict the credit
risk (credit risk = 1 indicates high risk and credit risk = 0 otherwise)
of individuals based on a set of available information. The data set

was downloaded from Kaggle
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(https://www.kaggle.com/uciml/german-credit/home). Despite the

credit risk indicator variable, the other variables are age, credit
amount, credit history, duration, employment duration, housing
status, instalment rate, job skill, number of credits, gender, savings
and purpose. Since most variables are categorical, we assigned
scores to each of the categorical variables. For example, we assigned
1000 marks for skilled employee, 100 marks for unskilled, 1000
marks for management/self-employed/highly qualified employee
and 0 mark for unemployed/unskilled job variable. The assignment
of scores are actually somewhat arbitrary. With the L2 distance
function, we determined the distances between every pair of
individuals in the database. By ranking these distances, we can find
the top n nearest neighbours for each individual. The proportion of
the top n nearest neighbours of an individual whose credit risk equals
1 provided an estimate of the chance of the event that the individual
also has credit risk of 1. We tried different values of n in order to
obtain the best prediction accuracy possible. It turned out that the
best prediction accuracy is 83% for n=1 or n=2. This accuracy drops
to 72% as we increase n to n=10. The lack of a set of standard rules
in defining the distance between any two observations causes
uncertainty and the arbitrary assignment of scores to categorical
variables may also create uneven in scales among these variables.
Since we need to find distances for every pairs of observations, the
implementation is time consuming. The computation complexity is

N2, where the number of observations in the database is N.

The second exercise is to predict the transaction prices per

square foot of real estates in Ma On Shan. We collected 340
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transaction data in Ma On Shan between September and November
of 2016. Besides transaction prices, we also collected features on
each of the properties in the data. The features include size, ceiling
height, number of bath rooms, number of bedrooms, size of dining
room, proximity to market or shopping mall, proximity to MTR,
proximity to swimming facility, proximity to sporting facilities,
proximity to park, Sea view, facing direction and so on. Since there
is a natural spatial distance between any pair of real estates, we first
estimate the log transaction price per square foot of a property by the
average log transaction prices per square foot of its neighbours in the
data. Then we adjust this estimate by a weighted average of the
difference in the features between the real estate and its neighbours.
This is in consistent with the usual practice in valuing a property in
the valuation department of most banks. By assuming a normally
distributed measurement errors, we estimate the model parameters
by the method of maximum likelihood. The data was randomly
divided into a training set and a testing set. The training set was used
to obtain the parameter estimates and the predicted log transaction

prices per square foot in the testing set are compared with their actual
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log transaction prices per square foot. The following is a diagram of
such a comparison.
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The last exercise relates to the spatial data set swissRainfall
provided by R package geostatsp. The data consists of 100 daily
rainfall measurements on the 8th of May 1986 and their
corresponding X, Y and Z locations, where a rainfall measurement
was taken in the position with X = longitude, Y = latitude and Z =
altitude. With X, Y and Z as the explanatory variables and the square
root of the rainfall measurements as the dependent variable, we
illustrate the relationships between the dependent variable and each
of the X, Y and Z with their corresponding scatter plots as given in

the following diagrams respectively.
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Since the residuals from a regression of the dependent variable
on quadratic functions of the explanatory variables are not
independent, we adopted a parametric approach to estimate a
covariance function of the residuals. The basic idea is that the
covariance between any two points in space is inversely related to
their distance. There are two main family of parametric covariance
functions, namely the Matérn family and the radial basis family. A
weighted regression with the Matérn covariance function was
employed to model the dependent variable. Based on a normal
distribution assumption on the residuals, estimation of the model
parameters was done by the method of maximum likelihood.

Because of the dependence structure on the residuals, the prediction
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of the dependent variable on a location outside where the data was
observed should be based on the conditional distribution of the
residual given the data. Hence the proper method to do prediction of
the rainfall measurement on a new location should be in three steps.
The first step draws random numbers from the above mentioned
conditional distribution to form random numbers of the dependent
variable on the new location. The second step then back transforms
the random numbers to obtain the random numbers of the rainfall
measurement on the new location. The final step is to use the average
of the random numbers to form a prediction on the rainfall
measurement on the new location. We divided randomly the data set
into a training set and a testing set. Only the training set was involved
in the parameter estimation. Then we predicted the rainfall
measurements on the testing set and compare them with the actual

measurements. The following diagram presents such a comparison.
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I hope that this article can give the readers a general
introduction on the use of neighbours in improving prediction. After
reading this article, I also hope that you will be interested in
exploring more on the topics of spatial data and network data

analysis and better yet to pursue a higher degree in statistics.
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