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“Hotel, Really Trivago?”

Discovering the Logic behind Hotel Selection of
Trivago

School Name: HKUGA College
Name of Students: HUNG Lok Ching Emily,
LAM Kwan Yat Kyla, NG Hoi Tsing Tina
Supervising Teacher: Mr Timothy Ng

Abstract

Does Trivago actually recommend the cheapest prices of hotel choice?
Did they fake the users? Did they live up to their claims? In this article, the

writers are going to explore these questions using probability and statistics.

HS—TINmAT
DASIRAERYS

trivago

ril

Biv Qe Qo Qe
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* Lily and Joe are watching TV at home. The TV was playing

advertisements.*

TV : Hotel? Trivago.

Lily : Ugh, it’s this advertisement again. Actually, does Trivago really

works?

Joe : Well, Trivago claims that it “Compares the prices of over 600,000
hotels from over 200different websites” and “ Makes it easy for you to find

the ideal hotel for the best price”.

Lily : Wow. If the claim was true, then it will be very impressive and
effective to use. Let's try using it for the trip later this year. Our parents

asked us to find the hotel for them, didn’t them?

Lily : Oh right. Let’s experiment using Trivago.

Lily : Here I have listed the requirements for this trip:
People: 2 Adults and 2 children (7 and 12 years old
respectively)

Dates: 10/8/2019 - 15/8/2019

Destination: Tokyo, Japan

Joe : I have just searched for a great hotel on trivago! It’s called Arist
Bna Studio Akihabara.
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Take a look.

St W CE .

< on-an e
g .

Artist Bna Studio Akihabara
am
Expeda $2,542 3
LL LN L]
Hotels.com $2,542 ,
L O "

$2,816 ,
sonw -
Agoda _ $2,823 ,
.‘?_".i.‘z‘saz wawm >

Lily : Great! I am going to have some more researches on this hotel.
Joe : Let me click into the link of Expedia given by trivago. It shows that
the price is $2542 per night. Hey, Lily. I remember that you have an

Expedia app. I want to try to compare the prices to see if there are any

differences. Can you search for this hotel on Expedia app for me, please?

Lily : Sure.
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1432 e -

a0 -
¢ Expedia
Photos - Rooms - Amentiet - Revewe - Polces
Chiled 1 Child 2
Room1 | T ~ 12
| UPDATE

> Doluxe Quadruple + No canceliation fees As sven on trivage
= . X Reserve
. ¥ o Ve have 1 room lof
HKS$2,090 o s

ity s poF room AR

1 King Bed and 1 Doubils
Futon

Room slseps 4 guasts
{up to 2 children)

10 More details

a Superior King Room o Mo canceliation fees Exceeds max. guests
T 33 square metres Fricay, 26 Jul
] 1 King Bed
RAoom sleeps 2 guests Mo Expe ching

{up to 1 ehild)

10 More details

More Great Choices

<

Joe : Wait, the price of the hotel shown on the Expedia link that trivago
provides is $2090 per night. Why is it different?

Lily : I have just searched on the Expedia app, and it shows the price is

$2223 per night. What happened?

29



P 14:58 ERL

PRCos « HOOMS « AMentes - Revews - Polces

Check-in Check-out Aooms  Adults  Children < 17)
2019/08M0 2019/08M15 1w 2 w 2 ~
[ ]
Agen of children [Discountn may apaly)
Child 1 Child 2
Room1 | T w 12 w
UPDATE

: mmdmpb v :Joc:n:lltoﬂlm Ihmm-md.’;ﬂm“ : :::u
(99 Wiy = Free irtarmet
1 King Bed and 1 Double  No Expecia bocking HK$2.223 it only takes 2
Futon i vightly price per oo e
Room sleeps 4 guests '
{up to 2 children)
@ More details

Comparing table of the hotel deluxe room (4 people)
NETWORK Trivago Expedia link that Expedia App
trivago provides
PRICE (S) 2542 2090 2223

Joe : Look at the table above I have listed, the price varies between

different platforms.

Lily : Wow. That’s shocking. I think we should check the original price

the hotel provides as well to compare.

Joe : Good idea. Let me do it now.
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Comparing table of prices on different platforms

from the original
price by the hotel
(Corr. to 3 sig fig)

NETWORK Trivago | Expedia link that Expedia Original Price
trivago provide App Point from Hotel

PRICE (S) 2542 2090 2223 2445

The difference +3.97% -14.5% -9.1% /

Joe : I have reorganised the table and compared the price points with the

original.

Lily : Surprisingly, refer to this table, Trivago is actually even more

expensive than the original price from the hotel. What’s the point of using

Trivago then?

Joe : Same thoughts here. I think we should dig deeper, I feel like may be

Trivago is lying.

Lily : Here’s the way this investigation to work. We have to collect mass
data from different hotels and from different locations. The choices for the

hotels must be random so it won’t be biased and unfair. Then we can

compare the price points and get a reasonable conclusion.

Joe : For the location selection, I think we can use cities that we normally

Visit.

Lily : You always have such creative ideas! Here is the list I found.
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1. Tokyo, Japan
2. Seoul, Korea

3. Taipei, Taiwan

Joe : Time for me to work now. First of all, the platforms providing prices
we are going to compare will be:

The original price from the hotel

Trivago

Expedia

Hotel.com

Agoda

Booking.com

Trip.com

Wington.travel

Joe : Then, to decide the hotels of different locations, I think we should do
10 hotels for each location, which will be 3 x 10 = 30 hotels needed.

Lily : Okay no more talking, we still have a lot of work to do, let’s start

now.

Joe : Here are the summary of steps I did.

1) Firstly, randomly select 10 hotels from Trivago website from the three
cities: Tokyo, Seoul and Taipei. Fixed criteria: Stay at 10/8/2019 -
15/8/2019 for 2 adults, no breakfast.

2) Secondly, list prices recommended by Trivago and that of major hotel

booking sites (6 of them) shown in Trivago
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3) Thirdly, check prices from hotel official sites

4) Next, for hotels of Tokyo city selected, check the prices of major hotel
booking sites directly from their sites and compare them with that
in Trivago

5) Then, observe the relation of the prices recommended by Trivago and
that of all prices available in Trivago

6) Lastly, observe the trends of the prices found

Lily : I appreciate the efforts you paid, now please present your findings!

Joe : Here it is! Take a look first!
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Trivago shown prices

Tokyo, |Tokyo, |Tokyo, |Tokyo, |Tokyo, |Tokyo, |Tokyo, |Tokyo, |[Tokyo, |Tokyo,
Location Japan |Japan |Japan |Japan |Japan |Japan |Japan |Japan |Japan |Japan
Sun Mimaru| Solaria
Mystays Axas | Richmon| Members Candeo § | Centurion Tokyo | Nishitets
Premier | Nihonbas | d Tokyo Tokyo | Monterey Tokyo Haotel Ueno| uHotel Hilton
Hotel Name Omori hi Mejiro | Shinjuk Ginza | R i | Bebulk East Ginza Tokyo
The original price
from the hotel 1554 2082 717 NIA 1,202 1405 A 1871 1780 3.013
Trivago's
-~ Hotel| Expad Expadia| Expedia| Expedia| Exped Ageda| Expadia| Amoma
Trivago 1484 2,007 a78 1072 1,285 1.520 1,138 1.818 1.873 2,000
Expedia.com 1.484 2,007 | not listed 1.072 1,285 1,520 1,138 2,158 1.873 3,255
[I'lolel.com 14684 2,007 | not listed 1,072 1,285 1,520 1,138) 2158 1.673| 2801
|Agoda.com 1485 1.852 848 1.080 1.081 1523 1131 1.818 1.781 2070
Booking.com 1.608 2,600 847 1.382 1,285 1.685 113 2,158 1780 3227
Trip.com 1,455 not listed 870 253 1.288 | not Ested 1,420 N/A 2.815 | not listed
Wingon Travel 1.455 not listed are w0 1.287 1.628 1.136 | Not listed | Not listed 1.831
Seoul, |[Seoul, |Seoul, |Seoul, |Seoul, |Seoul, |Seoul, |Seoul, |Seoul, |Seoul,
Location Korea |Korea |Korea |Korea |Korea |Korea |Korea |Korea |Korea |Korea
Novotel The
InterConti Suites| Splaisir
Lotte | Hotel28 nental Park | Ambassa Seoul Urban |H Avenue
Hotel| Myeongd Hotel|  Seoul| Sejong Hyatt | dor Seoul | Dongdae Place |Hotel Idae
Hotel Name Seoul ong Manu COEX Hotel Seoul | Yongsan mun | Gangnam | Shinchon
The original price from
the hotel 1.863 1.252 550 1.821 855 2,181 1262 o58 819 a75
Trivago recommended
website Expedia| Expedia| Expedia| Wing On| Wing On| Expedia Trip Hotel | Expedia| Expedia
Trivago 1.762 1.081 544 1.350 773 2,393 1.182 8682 539 545
Expedia.com 1.762 1.081 544 1823 o004 2,383 1.480 8682 530 545
Agoda.com 1.768 1.022 583 1.774 875 2,554 1484 748 575 525
Booking.com 1768 13 582| 1927 [notlisted| 2550| 1402 50 575 581
Trip.com not listed | not listed 582 2,018 | not listed 2,541 1,182 679 582 404
Wingon Travel not listed 1.251 580 1,350 773 2,008 1177 063 578 403
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Taipei, |Taipei, |Taipei, |Taipei, |Taipei, |Taipei, |Taipei, |Taipei, [Taipei, |Taipei,
Location Taiwan [Taiwan |Taiwan |Taiwan |Taiwan |Taiwan |Taiwan |Taiwan |Taiwan |[Taiwan
The
Howard Green Beitou
Plaza| Humble Grand| World - Mandarin Hotel Hot
Hotel House Eastin| Mayfull Grand Oriental Royal Spring
Hotel Name Taipei Taipei Taipei Taipei| Manjing Cho Taipei| Roaders| Seasons Resort
The original price from
the hotel 1.031 2,108 803 1.841 825 625 3.378 564 880 1.038
Trivago's
recommendation: Amoma | Amoma| Expedia| Expedia| B @| Expedia| E Wing on| Wing on| Expedia
Trivago w33 1.802 802 1.423 877 541 3.227 558 570 1.252
Expedia.com 973 1.788 802 1.423 877 541 3433 537 830 1.252
Agoda.com e52 1,670 603 1,643 677 608 3.433| not listed 871 1,185
Booking.com o732 2.200 602 1.873 ar7 808 3433 837 574 | not listed
Trip.com 971 | not listed | not listed 1.923 1.2268 | not listed 3,185 | not listed 570 w88
‘Wingon Travel w73 1,567 | not listed 1.920 1,227 878 | not listed 2072 570 | not listed

Lily : Oh, remember what the teacher taught us in school? We can calculate

the mean and the standard deviation of these data.

Formula of standard deviation

Formula of mean

X =

n

n

i=1Xi

Joe : I agree. Since standard deviation means a quantity expressing by how

much the members of a group differ from the mean value for the group,

we can compare the prices in a mathematical way.

Lily : Let me calculate the standard score of Mystays Premier Omori by

Trivago first. By calculation, I found that :
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The mean is:
(1464+1464+1464+1465+1606+1455+1455) /7
=1481.86

For the standard deviation: 50.84

For the standard score of Trivago:

(Trivago’s Price — Mean) / Standard Deviation
(1464 —1481.86) / 50.84

~-0.3513

Joe : Let me do the rest of the calculation for all other hotels.

City/Country Tokyo, Japan
Sun Solaria
Mystays Axas |Richmond | Members Candeo S| Centurion|  Mimaru | Nishitetsu
Premier | Nihonbas Tokyo Tokyo | Monterey Tokyo Hotel Tokyo Hotel Hilton
Hotel Name Omori hi Mejiro Ginza | Roppongi | Ikebukuro | Ueno East Ginza Tokyo
Standard Score of
Trivage's
“ -0.35 -0.35 -0.88 -0.13 0.40 -067 -0.39 -1.50 -0.55 -1.57
recommended
prices
Location Seoul, Korea
Novotel The
InterConti Suites|  Splaisir
Lotte| Hotel28 nental Ambassad Seoul Urban | H Avenue
Hotel | Myeongdo Hoted Seoul Sejong | Park Hyatt| or Seoul| Dongdae Place | Hotel Idag
Hotel Name Seoul ng Manu COEX Hotel Seoul | Yongsan mun | Gangnam | Shinchon

Standard Score of
Trivago'sl ool gss| .179| -169| -143| 047|108 o3| -178) 047

recommended
prices
Location Taipei, Taiwan
The
Howard Green

Plaza Humbyle Grand World - Mandarin Hotel |Beitou Hot

Hotel House Eastin|  Mayfull Grand Oriental Royal Spring
Hotel Name Taipei Taiped Taipei Taipei| Manjing Cho Taipei| Roaders| Seasons Resort

Standard Score of
Trivage's| a4l 070| -0s8| -152| 073| -122| 11| 060 072| 077

recommended
prices

Lily : Then what does it actually mean when all the standard score of
Trivago is negative? Is it a bad thing?
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Joe : Well, remember standard score calculates how much the price is far
away from the average price. So being a negative valued standard score, it
means it is lower than average. That’s not a bad thing, but a good sign. You

always want a cheaper deal, right?

Lily : But most of the scores are between 0 and -1. So Trivago’s prices are
actually only a bit lower than other sites....Hang on! Some scores are even

positive!

Joe: You are correct. Trivago’s recommended prices are most of the
time not the lowest price. With references to the table above, I’ve counted
the total number of times while Trivago recommended price is not the
cheapest. Each city 1 did for 10 hotels and mostly about 50% of the

recommended prices are not the cheapest.

Location | Number of times trivago recommended price is not the cheapest
Tokyo 6
Seoul 5

Taipei 5

Lily : But doesn’t Trivago claim to provide the cheapest prices to us? Why
are the recommended prices not the cheapest? Then maybe Trivago is a

scam!
Joe : Don’t just jump into the conclusion. Trivago claims to provide the

best prices. That doesn’t necessarily mean the cheapest price, that’s a

misunderstanding. Based on the official website of trivago, it says:
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The ‘our recommendations’ feature is based on a dynamic
algorithm that shows you a range of attractive and relevant offers
we think you’re going to love. In the ‘top position’ we display in
green the offer which our algorithm recommends as a great offer. Our
algorithm takes into account a number of relevant factors, such as your
search criteria (for example your location and stay dates), the offer’s
price, and its general attractiveness — for example, the experience we
think you’ll likely have on the displayed booking site. We also take
into account the compensation booking sites provide us with when a
user clicks on an offer.

Lily : Oh so the recommended prices are not necessarily based on only
price but also based on the past experiences and compensations provided.

Oh now I understand!

Joe : Secondly, prices shown in Trivago for the major booking sites are

different from that of individual site.

No. of times Reason
Expedia.com 2 Trivago referral discount
Hotel.com 2 Trivago referral discount
Agoda.com 5 Trivago referral discount
Booking.com | Trivago referral discount
Trip.com 2 Wrong info in Trivago site
Wingon Travel 0 /

Lily: Why is that happening?

Joe: Major websites like expedia.com gave Trivago referral discounts. So

if you click through trivago to expedia, the prices for the hotels may be
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discounted. Meaning it may be cheaper. As you can see by the table, I have
counted the number of times those major booking websites have trivago

referral discounts and resulting to cheaper prices.
Lily : Wow. Agoda had 5 times of incidents, that’s pretty common.

Joe : Thirdly, hotel direct rates are always more expensive than the

major booking sites as you can see in the table.
Lily : Is there any exceptions? I have noticed one in Tokyo.

Joe : Sure there will be some exceptions. I have counted them below:

Location Number of times hotel direct rates are cheaper than
major booking sites

Tokyo 1
Seoul 0
Taipei 1

Lily : This is less than I expected. According to the finding, we may not

order directly from the hotel anymore.

Joe : And for my last finding, I have noticed some of the websites
constantly provide the same prices for hotels. I have also collected some
interesting information. Actually, price pattern of the major booking sites

reveals their ownership status.

Expedia and Hotel | Under same group and prices are always the same

Agoda and Booking | Under same group but prices are sometimes the same

Trip and Wing on Under same group but prices are sometimes the same
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Lily: Wow, I didn’t know that. It’s almost midnight now, I think we should

conclude things and go to bed soon...

Joe: Yah sure.

Lily: So after we have summed up all the points, below is the conclusion

after all the work we had done:

1) Ignore Trivago’s recommendation price.

2) Comparing to booking directly with hotel, high chance to have a more
favorable price by booking via hotel booking sites.

3) Comparing to booking via hotel booking sites, high chance to have a
more favorable price by going through Trivago, so enjoy the referral
discount.

(Word count: 2480)

References:

[1] Trivago Advertisement (English Version):
https://www.youtube.com/watch?v=2vOUbMFWxnM
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Z & it 5
Safety Begins With Data

School Name: HKUGA College
Name of Students: Aggie Chow, Timothy Chau, Tiffany Lee

Supervising Teacher: Mr. Michael Yip
Word count: 2415 (including title)

Prologue:

Humans are soft beans, at any moment something as mundane as a car can
kill us. While the thought of getting into a traffic accident wouldn’t usually
cross our minds, it’s actually one of the major causes of death in developing
countries. Of course, it’s impossible and impractical for society to stop
using cars. But in the spirit of road safety, we decided to do what we can.
By studying when and where traffic accidents are most likely to happen,
we can take extra precautions. Armed with this knowledge, perhaps our

odds of surviving will increase. ..
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A Story Based on a Real Event

Image reference: John Chan's Instagram post

o john_channnn_

This is a post from John Chan’s
Instagram, a secondary three student.
He recently witnessed a car accident
which caused him late for school. Here
is a conversation between Sam and
John, about the accident that happened

this morning.

“Hey Sam! You know what? I think I

almost died today,” ©OQY 0
john_channnn_ Wow..... #badluck

"’

“You’re over exaggerating, what happened?!” Sam asked
“This morning a car accident happened right in front of me! I had never
thought that I would witness an accident first hand! It’s a terrible

|

experience! ” John cried.

“Oh no! Were you okay?”” Sam asked.
“I'm fine, but it was a little shocking to see it happened before my eyes. 1
hope that’ll never happen to me, anymore,” said John “so like, a thought

popped into my mind: how can I avoid getting into a car accident?”

“You can’t! Unless you never step out your door!” Sam said.
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Like the stubborn person he always was, John wanted to prove Sam wrong.
He thought: if | analysed statistics about when and where traffic
accidents are most likely to occur, I can avoid those places and time
periods so that my chances of getting involved in one will be much
smaller.

So, let's start analysing!

WHEN are traffic accidents most likely to occur?

Thus, Sam and John started to discuss about which day and which time
traffic accidents were most likely to occur in. They both had their own

opinions.

“J think traffic accidents are most likely to occur on Sunday because
most people would be free to spend their weekend outdoors to have
fun," said John. “No way! In that sense, wouldn’t there be the largest
amount of accidents on Friday? Since more people would want to go out

right after a long week of work™ said Sam.

“Let's move on from this topic first and discuss about which time period

traffic accidents are most likely to occur in,” said John.

“Okay, may be there isn’t a clear trend on which day traffic accidents are
most likely to occur, but there must be a time where they usually happen?”

asked Sam.

“I think it should be around 6 p.m. to 7 p.m., because that's the time

that most people finish their work and get back home. More vehicles,
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more car accidents, right?” said John.

“Wait, I don't think so. Shouldn't it be seven o'clock to eight o'clock in
the morning? Both students and workers have to travel during that

period so there should be more accidents," said Sam.

“Hold up, we’ll never come to a conclusion like this. Let’s just have the

data be the judge. Want to have a bet?” said John.

“Bring it on!”
Number of accidents in 7 days a week

Total number of accidents on every day in 2017

2500

8

Total number of accidents

fT110011
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After discussing with Sam, John found some data from the Transport
Department of Hong Kong and analysed them using the chart above, by

their time period and days of week.

“After getting this data, [ found that the peak time of accidents is 1500-
1559 during Sunday.” said John.

“So you mean that we should avoid driving at 3 o'clock to 4 o'clock during

Sunday?” said Sam.

“May be, but if we do, we should be extra careful during that time period,”
said John.

“Let’s look at the other chart, it indicates that Saturdays had the highest

number of accidents...” said Sam.

“1700-1759 and 1800-1859 share the same number of accidents on
Saturday,” said John.

“Wait, I’'m confused. So should I not go out on Saturday or 1500-1559

during Sunday?” asked Sam.

“Just be careful on both will be fine,” commenced John.

“How about the trend?” said John?

“The number of accidents happened between the time period 0000-0659

were the less among all the time periods, which makes sense,” said Sam.
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“The number of accidents increases drastically afterwards, except for

Sunday and Saturday.” John said.

“The number of accidents starts to decrease in 0800-0859. During lunch
hour, the number of accidents increases again. The amount of accidents
fluctuated between 100 and 190 during 1100-1159 and starts to decrease
from 1800-1859 until the end of the day.” Sam said.

“But why does the line representing Sundays and Saturdays have a big

difference from the Monday to Friday one?”” John said.

“Let’s separate them into two charts and see what’s going on.”

So Sam and John continued on their quest for knowledge, at the expense

of neglecting the work that they were supposed to do.

MownbAY To THURSDAY

Number of Accidents on Monday, Tuesday, Wednesday and
Thursday Respectively in 2017

== Monday — uesday Wednesday -

Time
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Number of accidents and corresponding time on Monday,
Tuesday, Wednesday and Thursday in 2016

== Monday == Tuesday Wednesday == Thursday

On Mondays to Thursdays, Traffic accidents typically peak at eight to
nine o’clock in the morning and at six to seven o’clock at night. In those
time periods many people are travelling from home to work and vice versa,
so there are more cars on the roads and thus more traffic accidents are likely

to occur.

There’s a big difference between the number of accidents happening
between 20:00 to 06:59 and between 07:00 to 19:59, when accidents are

much more likely to happen.

However, out of these four days, the time period with the most accidents
happening would be 15:00 to 15:59 on Thursday, Thursdays seem to have
slightly more accidents in general from 07:00 to 19:59 too.

“I also spotted that the blue line which represents Mondays' data, is slightly
different from the other 3 days,” said Sam.
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“This is probably because of the black Monday effect, which everyone
were simply sleepy and don’t want to work. As a result, accidents are
most likely to occur due to the low level of concentration,” John said,

pretending to be an expert.

FRIDAY TO SVNDAY

Total number of accidents on Fridays, Saturdays and Sundays
in2017

== Friday == Saturday Sunday

\7

“According to the chart, I have found out that most of the accidents actually
happened during 1500-1559 on these three days! Probably because most

of the family events end at this time. ” John said.

“Interesting. Also, maybe since Friday is a working day, the number of
accidents is typically higher than Sunday and Saturday during the time
period of 0800-0859, which matches what we derived from the ‘Monday

to Thursday’ chart!” exclaimed Sam.
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“We can conclude from the chart that the trends of Sunday and Saturday
are similar as well. And the trend of Friday follows the trend of Monday to
Thursday.” said John.

“Oh, it was my dad driving this morning! May be the type of vehicle used

is a factor too?” asked John.

“Let’s look at this graph!” said Sam.

FACTORS AFFECTING THE ABOVE DATA

CLASSES OF VEHICLES

Different Classes of Vehicles Involved in Traffic Accidents in 2017

Medtium & b

Light goods vehicle

“Wow, this is amazing.....”

Sam: “What? The number of medium and heavy good vehicles only consist

5.6% of all types of car involved in accidents?!”

49



John: “It’s still reasonable to see private cars in the first place.”

Sam: “Um, I think this may be because the drivers working in public
transport are well trained enough and there are simply more private cars on

the road!”

John: “Then judging by the graph, taking public transport is actually safer

"’

than driving my own private car
We hypothesize that one of the ways to minimize your risk of getting

into a car accident is by taking public transport instead.

WHERE are traffic accidents most likely to occur?

“John, where did you see the accident?”, asked Sam.
“Cross Harbour Tunnel.” John answered.

“Oh well, I bet accidents always happen there, since so many cars pass

through there every day,” Sam said.

“Probably, but car accidents always happen in Tseung Kwan O Tunnel as

well.” John said.

“Well, it seems that our opinions are not the same again. Then in which

district do you think that car accidents are most likely to occur?” Sam asked.

“Um... let me think, Kwun Tong?”, John answered.
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“I think it is Sha Tin, ” Sam said.

Their opinions differed once more, so they started to search for data to

analyse.

Out of the 18 districts in Hong Kong, Yau Tsim Mong district has the

highest amount of car accidents happening there overall.

Total Number of Different Severity of Car Accidents in Hong Kong 18 Districts in 2017

h W Serious M Light

The number of car accidents happening in Yuen Long district and Sha Tin
district are also noticeably higher. Yau Tsim Mong also has the highest
amount of ‘light’ car accidents, followed by Yuen Long and Sha Tin once
more. However, the district that has the highest amount of serious
accidents, which is much higher than that of other districts, is Yuen Long.

Other districts have more or less the same amount (except for the Islands,
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which have much less). The amount of car accidents that involved deaths

1s constant across all districts.

“Hold on,” interrupted Sam, “Would some districts have a particularly
higher amount of accidents because their area is bigger and the population

density is higher?”

“Oh yeah... I didn’t think of that,” John admitted.

However, that may not always be the case. Here we have a star plot
representing area, population density, and amount of road accidents each
district has. The size of the sector is proportional to the respective value it
represents. Large districts with low population density are expected to have
fewer accidents, e.g. Islands, North and Sai Kung Districts. In contrast,
Yau Tsim Mong and Kwun Tong districts have high accident rate while
their size is small and the density is high. Yuen Long and Tai Po districts
are an exception though. They are accident-prone despite its large area and

low population density.
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Number of accidents in 18 districts

¢ 5

Eastern
Central & Westem

*

Kwai Tsing
Sham Shui Po
Sha Tin
Tuen Mun
Tsuen Wan
Yuen Long

Yau Tsim Mona

“Hmm... That’s still too many exceptions to call it a clear trend,” Sam said,

.

Kowloon City
Islands
Sai Kung
North
5 "
Tai Po
Southern
Wong Tai Sin
Wan Chai

RoadAccidents

“May be districts are too broad of an area to research on...”

“Let’s try looking at data on tunnels then!” suggested John.
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Number of Car Accidents in Different Severity in 13 Selected Tunnels in 2017

B ugn [ sercus [ Deah

Aberdeen Cross Lion fock  Eastarn  Tote's Cain  Weatern Cheung Tad Larm Kal Tk Teang Taisl  Nem Wan  Shing Mun
Tunnel Harbour Tunrwl Harbour Tanel Habouwr Taing Turnel Turwel Kwan0  Tunowl She  Tunosl Tuveh
Turnel Ccroseng Cressing  Tumngl Tunnel  Tin Haights
Tunrel and

"
Meet Tunnal

Tunnal

Note- Area of the tunnels are defined by the area dictated in the law, which

include the interior and exterior of the tunnels.

The tunnel with the most accidents was the Cross Harbour Tunnel, not
surprising at all, considering that it is the tunnel with the most traffic in
Hong Kong. However, the amount of accidents in a tunnel doesn’t always
have to do with its traffic conditions. Below is a scatter plot illustrating the
relationship between the amount of accidents a tunnel has and the amount

of cars that pass through it every day.
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Amount of Traffic Accidents vs Average Daily Vehicles
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Typically the higher the amount of average daily vehicles, the more
accidents a tunnel has. But again, there are multiple exceptions. We can’t
really reach a concrete conclusion since there isn’t much difference

between the amounts of accidents each tunnel has.

In conclusion, Yau Tsim Mong and Kwun Tong are especially dangerous
districts to drive in, and the Cross-Harbour Tunnel requires attention as
well. The busiest areas always have the highest amount of traffic accidents,
so we should be especially vigilant when driving through busy areas like
those. But the population density and the average amount of vehicles daily
don’t have a consistent relationship with the amount of car accidents an

area has, so in other areas road conditions are probably a bigger factor.
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WHAT WEATHER CONDITIONS are Traffic Accidents
more likely to occur in?

“I’m not sure how useful this information can be, but there is one thing I’'m
sure of. Traffic accidents are more likely to occur in the rain, right?” said

Sam.

“But judging by what we learnt today, the answer to that might be
surprising,” John challenged, “We should do some research before coming

to conclusions.”

“No way, there’s no reason why wet roads wouldn’t be more dangerous
than dry roads- It’s harder for cars to stop when the ground is slippery,
that’s why accidents are more likely to occur in rainy days, everyone

knows that!” Sam exclaimed.

“Then why don’t you see for yourself?” John said.

Likelihood of Traffic Accidents by Road Surface Condition and
Severity

B wet B Dry

0 -

Fatal Serious Slight

Severity

56



“What?! The probability of getting into an accident on a wet road is much
lower than the chance of getting into an accident on a dry road?” exclaimed

Sam, “But how can that be?”

“I don’t really understand either,” confessed John, “Logically speaking, it
would be more dangerous to drive on a slippery road, wouldn’t it? Maybe
it is because people are especially alert when driving in dangerous
conditions and end up performing better, or maybe more people take the

MTR instead on those days.”

“That makes sense,” said Sam, “I guess there are things that we just can’t

know for sure until we do more research.”

sesteskeskoskosk

In the end, Sam and John forgot about the research they spent their precious
time on. But then again, even if they followed the information they gained
from these graphs and altered their lifestyle to be incredibly inconvenient,
it still wouldn’t be a foolproof plan. After all as Murphy’s Law goes -
“Whatever can go wrong will go wrong”, so as long as cars exist, so will
traffic accidents. The statistics shown today are a bit of extra knowledge,
but please don’t follow them exactly. Ultimately, the best way to avoid

traffic accidents is simply to be careful and stay alert at all times.

CONCLUSION

Collecting data and designing graphs were quite foreign tasks to us. After

finishing the problem, we concluded that there isn’t a definite way to avoid
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car accidents since there is an infinite amount of factors that can affect our
topic, such as the state of the driver, problems with cars, or even a planned
murder etc. While there may be a trend, unpredictable exceptions can
always occur, especially when there are so many factors that lead up to

such events, so it is best that we stay vigilant at all times.

Yet, we still want to do the best we can do to avoid car accidents and help
readers of this project to be a safe person by analysing data related to road

accidents.

In conclusion, we found out that using public transport can lower our
probability for getting involved in car accidents, that we should avoid busy
areas and rush hours, and that the weather doesn’t necessarily indicate safer

or more dangerous conditions.

Stay safe!

References:

[1] Data from the transport department:

https://www.td.gov.hk/tc/road safety/road traffic accident statistics/201
7/index.html

[2] The census and statistics department:
https://www.censtatd.gov.hk/hkstat/sub/sp150.jsp?productCode=FA 1000
96

[3] Hong Kong Weather Observatory:

https://www.hko.gov.hk/cis/statistic/rf 1 e.htm

58



RO B REAY S ()
ERRERY 1 IR s AN
B A

PE
IR SN P TSN T Y Y LS R S

R

FrenR Fr 9@ i g BiEE P AUe A AEE P LN
Shitiired | BALE A PR Y AR v R0 AP GIRHED |

FHMEHE L RPPE-

H

59



BRT A oMY R AP - BRI RN AT A
“&%@vQ%ﬁwﬁﬁ%*ﬁA%ﬁ@ﬁ%oﬁﬁmﬁﬁi
%&ifﬁﬁa%ﬁ%@tﬁ c R R EFERG - B! BMI Sodp ik BMI 6k

=\

PE-BENORERAT NN IE o F R R v ey TS
R ARG R FIFE S T B ok A b F 2 MEHE S BMID
EHNBHER mE S LT F ALME  BMI 87 i T

;} ;\A =L § o

S
BMI = w + h?
WEEE (27) hEF & ()
W ey
1849 & 1™ Bt
18.5-229 i ¢
23.0-24.9 B E
25.0-29.9 e
30.0 & 14 g
Bl (-)

A AP AT R e R A B R AT 2R
BB BB AT 2B B R i £ S

¥ AN EE A T

R it [k [AREFTET (2552 T
Y TSI ED 30 10 203 33.07
TR B A (R 40 9 23.8 34.26

60



BB L ek [AREFEIELRT 2EFL TERT
¥ R(E) 35 8 13.5 19.43
1~ 4aEa () 1700 1350 1473.1 1538.77
() 1.73 1.6 1.692 1.6966
ME(F5) 75 63.7 59.8 59.26
M)

ST E 0 ke BMI dp 8 25.0
’H—“H‘mj/ T]/"g =~ » e £_BMI #ﬁﬁt‘eF‘frFf"v%; % 5 o KRl £

2

bk B8 P ¢ AP A 350 F chEEdE o L EmEs R o

~~ —E\H

w ?

_j)\:‘ ?')F]::TIJ’ s ipe

AW AR 2016 EALYREE F 3 100 5 g A

7 ek 1 BMI 4 #ic 5 24.8

2016 # L F Rk @R o s | Ly (F) [HE (27)] BMlipk
g3 100 = 2t 3
AEDEEE 1.95 86 22.6
TSR =S 1.85 79 23
FRA R 1.76 68 21.9
HEFF 1.8 76 234
frt R 4a AL 1.74 67 22.1
KB 1.79 70 21.8
LR 1.86 83 23.9
FEEN IR ) 1.73 70 233
TiaE 1.81 74.875 22.75
(=)

61




BAET Y 0 B PBMIdp e AR L 5072280 2 g o @ W LR
et £ P MR £ A ] 5 6.892106.7535 0 14 b iy BT 0 BE AR B
BACHEF 2 e LI R inF - Bigd fﬁBMI:}F—,ﬁﬁ;’ w g L

BB E G - B Tt b R e B o AP A
4TS - B A PR %M?‘\‘Ff%ﬂ%’kﬁ?«'@&a%@% gL sk
S RGEA P EGR LT BA S PR NG ek - =
@ 100 e otk 5 5 13.754) 5 @ dhakeh3 5 2141995 0 §
!N AR L0445 0 P ke ok SBMU i bmis 0 4
TAR o

=

—H

3

‘
&)

a0 BFH B EH AT - B OBMUp B B 2R FIR D
ABERLS g S o S TEP AP BT S f s
SRS R SSIVIERE SRR SR IN-E WS- € &3 X)) W*’*erlsa
B3 AAFF D188 AP REE LB 12100 F 2 F BB P

55 eriE £ BMIdp et i 0 11 b = e eBMIUy T 390 5 19.9 -

ek fotkthe BMI dp #7880 5 A AEE g £ W et 22016
MOREPLRFE L L HE 3 201 4 0 E 132 27 > BMI
#3201 RipEe PREREEESF O 08 T ApEHEA B
AEFA AL E e MEAP Y - R A— ] P A TR E
B 0 AP T R A s R B Rk Rk £
VA PIROER AR LS AR LT E R M R
A A S SEIEAR c¥ 5 i R sl A =/ SR A

-ﬂ\y

62



BACFmeL il | LE &R (L) [WE (55
(E+t )
1. 79.5 85.0
2. 76.2 84.7
3. 75.6 76.8
4. 71.3 78.6
5. 71.0 65.9
6. 69.8 70.5
7. 68.7 69.0
8. 67.0 67.1
=i 72.3875 74.7
82
80 s
78
= y=0.484x +36.235 .-
:‘r‘: 76 ® .
&
Ei 72
i ® 3 [ ]
70 e
"o
68
@
66
60 65 70 75 80 85 20
HEHE (kg)
B2 (2 4o1)

63




e WAV @A BRI b R S AT RS H) E g

Moo GMA(2)? THIE - A0S ES BdpEF 0 F795F 5%

REEES DRREF S F LT FIOTF L AR DEE
{ =

4R gk Y BF

v ]S hd AL ot F O BMI g fiedr £ R4 (2 fedesk S )2 3
FMOAPRGRAR RO E R LES B A RA(T)E
Frt e APERS K AT fhe X WMEARF o LIS g B AR
FoSERERMAL APTEFPSERLY Foi A0 207
FRER) EFAPRFELARIFE QAR ARY ALy i

FE A AR o

A B C D E F
X W (kg)|y =4 HHke) x—-X y-y -0 -» (x—%)?
85 79.5 10.3 7.1125 73.25875 106.09
84.7 76.2 10 3.8125 38.125 100
76.8 75.6 2.1 3.2125 6.74625 441
78.6 71.3 39 -1.0875 -4.24125 15.21
65.9 71 8.8 -1.3875 12.21 77.44
70.5 69.8 -4.2 -2.5875 10.8675 17.64
69 68.7 -5.7 -3.6875 21.01875 32.49
67.1 67 -7.6 -5.3875 40.945 57.76
T L4g 4 hl s e ER
L 3agx iy
74.7 72.3875 198.93 411.04
&L % (m) 0.483967
y #hE jE(c)  36.23513
DENES

BRI A(R)? O ANPRFEY R IFE M AR K R FRER fof

MF Ao {5 @ 0484 %, m) o @ yhhAp 2 BH(C)R] A 36.235 -
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Bl @ S w fFehE 85 428y = 0.484x+36.235 A 2 i chw &
BE WA REBal E L1864 ML

25.8 0 ¥ Pk AF i & o

5882 7 o BMI4; #c

~

bdofs o ok RF Y AER Y BE RS 1R ety o AP T
# g E | oan 5 28 BMI dpdicE B 450 Jede b it o B

h BMI dp #c B8 £ < RAp X > Flt o Jm b A BT BT
fEFED WP AFIREE Y AT oA I FY PR
RGeS SES L AAPM oML oS AR A B
VBB Lt AR g o Fpt o SN T P NP ende s A Fr e 1395
M AR A 4T o VP A MR B @R S g A e D
Bl v A PRBEBFE H0F T P EREE AT E
o i DRIy 0 LT RA(C )

"
[
3
g
2

863 | v lgrade |~|totheats |~ lheat_nwi > |lane_no| ~ [position | lrecord |~ |remarks |~ lfinalpos -
M ¥ E 1 1 2 0 834 L
M R B 1 | 3 0 863 2
M P B | 1 23 ¥ 3449 3
M ¥ B 1 1 L 0 845 4
M T B 1 1 16 0 724 3
M ¥ B 1 1 26 0 7.19 6
M P B 1 1 5 0 669 7
M R B 1 1 19 0 6.55 8
M G B 1 1 21 0 608 9
R # 4931 Wi 5176 w2 A

DESC!
htk- Y o N - LedaATR R4 ER884Y C R AT BA(N)F A
BEaE Il E o FRA BMI#;, Hofo L 35 4 Bl e 8 A% i

o FLots LL%FJ iR oo d A Fe}?ﬁ-’j/%ﬁ?ﬁﬂ#ﬂ&“ﬁm
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AP A B RIE P ¢ R b ER L

i iR Jﬂf P EnEE
we 90.5 + % 95.1 * 3
&% 170 & 3 180.5 /a3
BMI 438 | 31.3 29.1
+ 974 7927 (ZE4ct£) 76527 (254t £)

Flpto A ERHERET U LY - LR TR ER
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https://cd1.edb.hkedcity.net/cd/pe/tc/rr/pfs/sec_ 09 10 _c.pdf
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BE
NBA(National Basketball Association) —F #& 32 ¢ > .7 > 4
ST E S oML P EAT o § & B $15 M James Harden i 3
kN E TR L PFTE P 2 T p e i) Ao %G M
AHRF AL o B EREY B F TS 47 > U NBA IR & hf) 3
TR REH AR D TAH2 A, o
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- R R R By T T AR

CEBPER 3 LR o vH e B 121118 RS A L A R L L F R4

AE32H 167 0 Z A3k I8¢ 8 JiR 18 ¢ 18 BT S84 T g4 10 2hrt 4 ik

14§ - LR F2 BN SOXEHT S Fe 15 3 4 NBAFL %- -
(RTR N7 &40

HOUSTON 4 ROCKETS

James Harden

% # v > James Harden® »ig 5 Hizk o | a5 > - 2495
BERE. oS TNk 34

HE SRR H AT FRER 9

SRS SO ST S S Ny S EE SCRE L EL B

ég:) %f" ’ *"TIZT]J:ﬁ L—I%\iﬁ:’ff':ug 3 ’); ]ﬁ%lb 9 L’l ,k[—vi &i—} Ll %ii;y z

T#%d”%f}%?llléikiiﬁ’ﬁf‘_&v"\ % Wlmsb;gfﬂtlji g_ri""‘é\'l/dlgll
3

SR RS e T

B R k4ot | A5 k> James Harden #0835k & AT ;;j]‘ﬁ{
TS A A R
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% ¥ & %7 James Harden eHf) 3k £ A7 8 & 3 Ffds > 72 4ot

kA T
BT 4 |

G 52 R2019E37 98 0 PREA PR B3t d B E(2018£107
179)3 4 m%iw SRR AT R Sfe B AT A R

Lo

s £ 12019 # 37 9P > James Harden ehf)3f & 4™ !
# — ~2018-2019 James Harden i % 3-%)3f £ 3

EE B B 5 s z 3
i ekecde | frkieskde | fER e 5| DS | fskestde | fEked &
James | 375 336 89.6% 312 267 85.6%
Harden
s APET RS F R ReF AL RS RRAR -
e Fas
IESRCEES
Bk g = STy 100%
HES

LIk A R L o 8P ¥ 2 James Harden i 3-8 7k £ P &
LHPE 0 AT A %i%'gjiﬁﬁv PR GgE 4% o
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& %' 5 % James Harden Ei_“‘*’#gw WA B iR AE O IRE i B
‘E‘J 5d E"J’Jz\» I {7 {i&ﬁ({zﬂ— vE

i A i- A P RIRR A7 b B F i 4 o b
el T - w3k R oo HY T4 (“’T‘ 7 Lebron James) ‘& ¥ % i f#F

@ Lebron James, James Harden v Stephen Curry { % £ ¥ &3 % &
% R (MVP > Most Valuable Player)srwk & » $+ & p 33 F €5 iF

¢

B

Pamian Lillard

o

9

Kyrie Thompson Lebron James Stephen Curry

42 520182019 3k f i 2B IIE AR

AFEIR (LRI | AR | BFEEM | EFN [ EFHH® | &¢ FL

E$S ek e E$S FE353 3 o (L—%)
James Harden 375 336 89.6% 312 267 85.6% 4%
Lebron James 183 119 65.0% 178 120 67.4% -2.4%
Klay Thompson | 83 66 79.5% 57 48 84.2% -4.7%
Stephen Curry 107 96 89.7% 132 123 93.2% -3.5%
Kyrie Irving 92 78 84.8% 98 87 88.8% -4%
Damian Lillard 191 173 90.6% 233 213 91.4% -0.8%
T iaE 172 145 84.2% 168 143 85.0% -0.8%
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T RRR

2018-2019 # f i B3I AR

b

WA (%)
m EHEH &Y (%)

c3R88883888

Lebron James  Stephen Curry  Damian Lillard
James Harden Klay Thompson  Kyrie Irving Ei9{E

(BB kB L EFFREAR)

g f¢ L5 (Mean)Edp S g - A0k T L E g it
;}fig; ¢ AB4 en— FBE R o AP LT kK ph— _g_ggc;y%\m_ AL
Lo W TR TR e gt o g e e 2 Behd

gv‘] o ‘Q%J‘;@;—liﬁ:—l@i y ,"»l‘f']q" iy rf‘!’);\ .

B e MR
n
f = Ly 442 12
X=—0q+x++x)=—) x
n 1 2 n n,ll
1=

(n =iz chigc )

HrEs o higam o A fr“ﬁ&ﬂ* TioE g~ IR R A RS ehdh A
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P

oo BHHHAREE > G ¥ 2 I James Harden & B #&34 1
EHPHEY FaAgNHe? FRF T 08%

b
«

-8
wE

|

FEEEE?

A ey @ (Extreme values) £p &bzt P o ] & & g u]| dik

B o fiz % James Harden ¢hi e Z B st fic s + 9300 2+ » p
Hu@ kB 9100 2+ %ﬂ&?’{f@ﬁ%ﬁ°ﬁ%ﬁ%*&%

T PR o F e AT I {5 IR B hlicdy k0

&3 fﬁé’f”%?fg@ s B B F ]FBNE'%’T}‘T T BIRA g’f‘!ﬁlc:}ji °

HEREEAE tan TS E I RAEAY ARaeY F A L

HE LAY FLORELE AAFNEY SR F e I

AR (AR F-2FHED F) % UF LSk Fhd)
HARLFEF G7 F L2080 A& LN AR LHRE L
FefbBORRAEZEHMAR VISR AF oA BIRAY T B
I.-Jﬁﬁ e ¥ %‘5‘;’%”3]—; o F Pt sk B P RN IR A RY shiRdEe

R Ry RN R ARRZEE- BFF LT Lh o A AR
ki3t — T James harden:if fiend 7
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A SEIE e TR > 1T §_ James Harden i A+ & >
T 2009-2010 % % 2018-2019 F % chi % H-5 5 4 3

# = ~ L+ & James Harden 2 % 3-8 3% 4 3R

Ep [R% R W E o S P E R PR
el |k |40 F  |mak |enk (44 F |G—%)
1 2009-2010 131 100 76.3% 109 94 86.2% -9.9%
2 2010-2011 157 139 88.5% 186 150 80.6% 7.9%
3 2011-2012 181 156 86.2% 188 156 83.0% 3.2%
4 2012-2013 398 338 84.9% 394 336 85.3% -0.4%
5 2013-2014 | 330 291 88.2% 335 285 85.1% 3.1%
6 2014-2015 | 408 350 85.8% 416 365 87.7% -1.9%
7 2015-2016 | 406 356 87.7% 431 364 84.8% 2.9%
8 2016-2017 | 466 390 83.7% 415 356 85.8% -2.1%
9 2017-2018 | 419 352 84.0% 308 272 88.3% -4.3%
10 2018-2019 | 375 336 89.6% 312 267 85.6% 4%
KN 3271 2808 85.8% 3094 2645 85.5% 0.3%
T aiE 327.1 280.8 85.8% 309.4 264.5 85.5% 0.3%

s ¥ 0054 T B James Harden fif A # B IR A R C

James Harden #@{¥++HEF &5

FIERRE
100.00%
95.00%
90.00%
85.00%

80.00%

75.00%

70.00%

65.00%

(374 B : James Harden i@ 4 £33 54 M)
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et EF ALY A 0 James Harden teiff /L # cnfy sk £ P - 1 B4
A i il 0 T s
S F855%% 103%; &Y F A G 0 L HEA R ARRE
¢ odcd 1.25% 0 F kA BT 5R A TR o

U

B H 0 LB EY FhTIoE 5858% i &

IRV SR S

v ¢ mfk (median) » A4 i Hcdp b P AR - A2 0 v AL
- e ddp? Y R T 0 F 2 A AR ERE 8
PR ) D AR B E P e s FUAIF T AHFED
PRI WS & latE

LS A
” (n+1

X =%

)t (s 4 )

==(%n% + $(n+ 1)) (Fn: &)

NIP—‘

Fa P E e AP A L BEgE o BBl TP ik
5T (04%) fo¥ » BHH (29%) Pferg i o Bih e
¢l 1.25% o

i S F BTIoEfe? gt Rt EHRF T g
AHBEHET F e PR ES E (maximum) kg 0 A FFH A0
FEErEhER 895% L B im o @ %:i%*gqﬂép% R V<
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87.7% v A 3> 1 1.8% & p: James Harden &3 333§ 4 vt &
HE B

7\;%@ LA g;\‘.ﬂwyhf{ﬁiﬁ _l_%.i}'%ﬁ”%ﬁufﬁ ’ %”’ {}ﬁg%g%‘
B4 RYBIIHR AL LSS o D BPEEAPRT L E

SR R

% ¥ : FRJames Harden 2 e 4 v L3~ > o8 3 A0
ERE. oS 1 I

e A PR AF LA LARERCRE > ASEH T
FREBEE o Lok - LTk R
BEIF

BRSO ARLEL TS g

R BRI G RE 0 AL B REERYET i James Harden— # &
A g R o

G (AR ) i RBth o Ak g ETR.

Fafe i B s B EN A |

(582374 %)
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L ER

[1] =k F &5

https://www.basketball-reference.com/

[2] #THEE R

https://m.sina.com.hk/news/article/20190301/0/4/2/18%E7%BD%B018%E4%B

8%AD%ES5%A4%8F%E7%99%BBY%E7%BD%B0%E7%90%83%E5%89%B5

%E6%AD%B7%ES5%8F%B2%E7%AC%AC%E4%B8%80-

%ET7%AT7%91%E7%A5%96%E8%89%BE%E9%83%BD%E4%B8%8D%E5%

A6%82%E4%BB%96-9837719.html

[3] ‘A F 44 2 E3FH)

4] A RS
https://zh.wikipedia.org/zh-
tw/%E5%85%8B%E9%9B%B7%C2%B7%E6%B9%AF%E6%99
%AE%E6%A3%AE
https://zh.wikipedia.org/wiki/%E5%8B%92%E5%B8%83%E6%9C
%97%C2%B7%E8%A9%B9%ES5%A7%86%E6%96%AF
https://zh.wikipedia.org/wiki/%E5%87%AF%E9%87%8C%C2%B
7%E6%AC%AT7%E6%96%87
https://zh.wikipedia.org/wiki/%E9%81%94%E7%B1%B3%ES5%A
E%89%C2%B7%E9%87%8C%E6%8B%89%E5%BE%B7
https://zh.wikipedia.org/wiki/%E6%96%AF%E8%92%82%E8%8A
%AC%C2%B7%E7%A7%91%E9%87%8C
https://zh.wikipedia.org/zh-
tw/%E8%A9%B9%ES5%A7%86%E6%96%AF%C2%B7%E5%93
%88%E7%99%BB
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R FEDinde » FELTR E
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FRDRALGEE- Tew o fRdLTR Feant e 2 5
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1 F-hELRZBERZIE-F o
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A 4o f,:ggg;ﬁg 5E7 B FET EHRRY APy FIE
BAEAGY A R foat s thic o Bap Rk S p e vk

HIRgAEE B PIER - P B HRL 5 A5 ml\—ga’%&”i'l*‘t
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PR e S RY e
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23 10| X | X | 4710710 X | X |10] X |X
LA
X' = 3¢

BF AALAREE o bldeg P RS hOA AL 7100 IR
78.% 10 BLzksg 4 ¢

FR AR B %mx%w'ﬁgﬁﬁ%wﬁgéﬁﬁ~ﬁﬂ
Fioom 2R At iiY EAREKES o AL g iR %4 2019
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Ak SRRl > ARt AR g LR e v f e drR R

T A BN F0

R R F A i - T et ek e T arg -
:ﬁlﬁﬁif\%m%% » 2% gt %ﬁﬂyfﬁﬁﬁn‘w b BE 0 bAoA ,ﬁ% N 1;;—1—1—‘% .
ERFE - AT IS ol Ek P ARAFTE g R
FR O AR TEY AP NEF Nmamige s o T
Bep b TR B/ BB AN Y o

Aips g hF BRI FHR2 (8 4 P BRAR oA 470 2 I A 4T
FerfR R fode ¥ 473 ¢ hIkEg o

$RF

2016 2 & | 2018 Junior Gold | 2018 Sean 2014 Teen

# % i% & | Boys Ul2 Final Yonan Memorial | Masters Grand

o @ % Youth Championship

PR Y Championships

Fi R

R

1. 10 3 7 X 2 X 3,6
2. 5,7 3,10 | 1,24,6,10 | X X X 4,7,10
3. X X X X 7,10 X 7
4. 4,5,10 3,6,10 2 8 X 3,6 5.8
S. 5,6,8,9,10 5 3,6 X X X 4,6
6. 7 / X X X 10 1,2,10
7. 5,89 / / X X X 7

81



2016 2 & | 2018 Junior Gold | 2018 Sean 2014 Teen
# 7 % & | Boys Ul2 Final Yonan Memorial | Masters Grand
o @ % Youth Championship
P Y Championships
B R
8. 8 7 / X 3,6 10 X
9. X 4,10 X 8 2,8 3,6,10 | 3,6,10
10. 8 / 7 X X X X

*d #2018 Junior Gold Boys U12 Final ¥ 23 & 33 chdicdy > 7 & £ 5k

BB AT TG LR RT T o

PRB TR E—BkES LT BRBKR
30 - 28
25
@ 20
_ﬁi 15 14
ﬂ 9 10 o
o e B =
5 5
5 +—a e S— 2
0 T | | | . N i — . il P
1 2 - | 4 5 6 ] S 10 X
RS

FPRT L LELE 2 BT Y s g K AR “i?f%éfjf‘uii
o= g e EL - X5 703k @ 2F - XML 28 =0 2P ek
L0=2870=04- FE- 227 14 xLgig 2 F g =
14/70=02; H=x 2 g5y > - £ 438 10=x » & e . =10/70
=0.143 0 d 2> > 7 FpEF (M T 040 ok E - o @ 2 A e
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FEF

2016  Samsung | % & &3k & B | 2017ABF 2017 ABF
¥ 59 EMgT & | F 2017 Hong Kong | Hong  Kong
4 Ik 46 R F B | Bowling Men | Men’s Men’s Final
o Double Semifinal 02
A IR LS
1 10 X 4,6,7,10 | X 6,10 10 3,6,10 | 4,6
2 X 10 X 10 X 3,6 X X
3 6 9 X X X X 10 7
4 7,8 X X X X 7 X 6,10
5 10 X X 6,10 X X 7 X
6 X X 3,6,10 X 6 X X X
7 X 6,9 X X 4,6 X 6,10 7
8 6 X X 3 X 10 X 10
9 X 5,6,10 | 10 X X X X X
10| 5,10 57,10 | X 1,2,3,5 | 10 10 4,7 X
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HFEBTRE—IKES LAOFIBRIKR

K ERT L LA A EFY @ “i?f%é%%{% BLAY, o

FAP - 280 oM EG 43 MM o Fpt P aapmF =
43/80=0.538 #73 £+ £ 4 7 20 =& 10 HLAg > #70 & 3 pEF =20/80
=025 B E_ 655 > A 3kmF =1580=0.188 (HFmik 3 B F >«
FeF ) od 2P F R 0538 ATk - s et B R
KR o
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I % :

2018 Macao-China | 2018 7& 16th Chinese 44th Hong Kong

International Open 4vif 73 | Taipei International

Tenpin Bowling § + %# | International Open Men

Championships It F # # | Open Men semifinal 02

Women Final AF Final

game?2
ARG

1. 10 X X X X 1,2,5 3,6,10
2. 4 X X X 5 X X
3. 4,7 X X X 5,10 10 X
4. 10 X 10 | X 10 X X
5. 1,2,4,10 10 2 X 9 7,10 3,6
6. X 4 X X 10 3,6,10 2
7. 7 X 10 X X X X
8. 124 4 | 4 |6 X X X
9. X X X X 7 X X
10. X X 10 X 5,6 X X
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2SR E—BkE S LROFIBREKR

HimsE

ALMES G O ESPREFT 05 5Y F 4052 o BF A
Y kA 108 H 48 . 27k =40/70=0.571 (5
K3 BF el ) e FLMEL T 14 1055 0 2 kRS =14/70=
02 B chd HRELA A 5T ERIE 1 d 3020 SEd - ik R}
0.571 » #rd ko= dg bt F B F i o
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ﬂ'?}%:

2017 World | 2017 i & 3% | 2018 Qubica 2018 PWBA

Bowling + 4 F —®4 | AMF World World Bowling

Men Double | = #* $+% ® Cup Final Tour

Final game 1 (Men) Championship

Final
FERGRHS

1. X X 2 X X X X X
2. X X 7,10 X 7,10 X 4 X
3. X X X X 4 X X X
4. 4 X 4,6 X X X 2 10
5. X X X X X 10 10 10
6. X X X 6,10 9 X X X
7. X X X X X X X X
8. X X X X X X X X
9. 6,10 10 X X X X X 10
0. x | x 8 X X | 47.10 10 10
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R FGREFE—IKE S LRIFIBRIKR

0 — - | —
: } 2 3 4
T 2Ei8

ﬁi@?i’4%1¢§ﬂm%gﬁ{ﬁﬁﬁmﬁaﬁaﬁﬁﬁ%@o
FE - E$ 80k m 2 - X MILSOHK 5 2P S L 59/80 =
0738 c @ E £ — 2 4 7 13 & -L 8y & shepEd £ =13/80=0.163
Hx o gig - 24787 = > 4 shermd £ =5/80=0.063 0 d 3t
2 PTG o F 07380 AR GAE o b A0 TR ek 4

FoRBER R FITNF>RBEFERF

B ek BRI L 2 f Fark B EApEEF 0 Fib L gk
ERFAREIEFH (PFERE) PR EAT L ATIE B
FOLWFAKELR S a2 7 Ly ¢ AP/ S
10 33k 5% > & 61/300=0.2 -
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EFF4 P SR h T ok

gAF | anp | mrp|enp] sy
WA IREE 70 61 46 27 7
LB 70 80 70 80 10
4 ¢ - BrRigel s 1.00 0.763 0.657 0.336 0.7
P K 0.4 0.538 0.571 0.738 0.6

% ¢ - BIRATHB I frd ) P BD 3 i onkkcF

BCP B e

N RS
BB E -k g 0763 il § 4 ¥ - sy
LW EF-3k £ F 0657 s g 4 ¢ - Thig
wREEF -3k T 0336 P g A - kg

drk iEfh ik kg o e ﬁ%iéﬂ’ﬁﬁﬁmk$“ﬁﬁﬁé’
Fla @ ? 9§ 5 & A Bhofogde s 7o R A R ah
71\1{%“,5 1o

Bk

KR A G EREE FIE A - BRI E 4B R
GRS SRR g SR A RN A L S B
T E D FAE B S Rt o

B AP T R RERP L LAY R 57 R
Fo BB AR
(2497 %)
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R
[1] 4 & Fdbsk it ¢
http://www.hktbc.org.hk/results/results-ch.htm

[2] I FdbTRs €
http://www.abf-online.org/results/result.htm

[3] 2018 & ' ik 3 i ¢ F2 7
http://www.tdm.com.mo/c_video/play video.php?id=38101
[4] 2018 ABF Tour Macau Women’s Final
https://youtu.be/kpDqf2Aml-s

[512018 ABF Tour Hong Kong Men’s Semifinal
http://www.csa.edu.hk/~pe/bowling/means.htm

[6] Fd#bzki-A 232 (37)
https://www.sportsroad.hk/archives/118529

(712016 > 5% R 2B F 2 2EL FiF
https://www.youtube.com/watch?v=y7TOqRwTHz

[8] 2018 Junior Gold Boys U12 Final
https://www.youtube.com/watch?v=xeN470COApM
[9] 2018 Sean Yonan Memorial Youth Championships
https://www.youtube.com/watch?v=p mS5nezm9sk

[10] 2014 Teen Masters Grand Championship
https://www.youtube.com/watch?v=tNOVx_mGwt0

[11] 2018 Macao-China International Open Tenpin Bowling
Championships Women Final
https://www.youtube.com/watch?v=Q6s0svkUK g
[12]2018 "eteid ;18 § + WRdbsf F & 4 F game2
https://www.youtube.com/watch?v=CKEXt 1qgkEw

[13] 16th Chinese Taipei International Open Men Final

https://www.youtube.com/watch?v=DhguO4dXyHA
90



[14] 44th Hong Kong International Open Men semifinal 02
https://www.youtube.com/watch?v=qgACeXDYmXY
[15]2016 Samsung % 59 E 4 7 & 8o 5% 4 F
https://www.youtube.com/watch?v=EAT5P7RxZ70

[16] # i& &k = B F 2017Bowling Men Double
https://www.youtube.com/watch?v=08T3gwXHRnA

[17] 2017 World Bowling Men Double Final
https://www.youtube.com/watch?v=GBjXw93Aa3Y
[18]2017 iFdbsfe 44 FF — B4 & 4 43 % K game |
https://www.youtube.com/watch?v=cVWAZJ3A-0s&t=770s
[19] 2018 Qubica AMF World Cup Final (Men)
https://www.youtube.com/watch?v=MVDR1QVUw90&t=120s
[20] 2018 PWBA World Bowling Tour Championship Final
https://www.youtube.com/watch?v=P51q2tnBZ X8

[21] 2017ABF Hong Kong Men’s Semifinal 02
https://www.youtube.com/watch?v=U4IrftdoObU
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The crime journey of the three little pigs

School Name: Pui Ching Middle School
Name of Student: Yao Yuan Yue, Leung Tsz Wai

Supervising Teacher: Mr. Leong Wai Hong
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Abstract:

The three little pigs travelled to Hong Kong and went to a carnival. The
two smaller pigs were constantly deceived with various ways. Their big
brother then explained to them with statistics and they finally learnt a

lesson.

Once upon a time, in a certain dimension, there lived the famous three little
pigs. After they fought big bad wolf, they slowly became wealthy, and

decided to travel around the world to broaden their horizons.

The three little pigs actually had names: the big brother was called Pingda,
the next boy was called Pingy and the little girl was called Pinky.
Their first stop was Hong Kong.

The smartest Pingda first warned his siblings, “We have to take great
attention to our belongings. It is not that safe in this place, we have to be

cautious all the time.”

“Really? I thought the crime rate had been dropping continuously since

2008, so it should be quite safe instead.”
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“Well you are correct. Look at the crime cases from 2008 to 2018, you
could indispensably realised that the crime has kept dropping, From 78469
cases in 2008 drops to 54225 cases in 2018, which drops in a significant
30%. At the same time, the population since 1986 has been booming
nonstop, there are 5524600 citizens in 1986 and it increases to 7391000
citizens, which shows a 33.8%. It is crystal clear that the relationship
between population and overall crime has shown negative correlation, we
only have as what my little brother just said, that means one people will
only have 0.007337 chances to encounter a crime. Hong Kong is basically

becoming a safe place to live.”

There was police patrolling around. So Pingda explained, “There used to
have huge number of police in Hong Kong, but it has decreased over the
years. But the quality of the police has improved as well to support the cut

down of police.”

number of police

No. of Police

Year
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“But, listen carefully. The number of reported cases of all crimes had been
decreasing except one- deception. In 2008, there was only 4653 cases, but
after ten years it is increased to 8372 cases. It dropped a while during 2016

but the cases has risen again.”

deception
10000 4
8000

6000

4000 =f=—deception

2000 -

2008 2005 2010 2011 2012 2013 2014 2015 2016 2017 2018

The three little pigs decided to go to the AIA The Great European Carnival
to play. It was Sunday, therefore there was a lot of people queuing to buy
tickets. As the line never seemed to move, Pinky soon lost her patience,

and ran around.

She was distracted by a man wearing a uniform and standing nearby. “The
queue is so long. Come and buy instantly tickets here!” He yelled towards

the crowd.

Wanting to go into the carnival to play as soon as possible, she approached
the man. The man handed the girl pig a tablet, and asked her to fill in some

information in their website to buy the ticket.
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The website looked legitimate, with logos of AIA. Pinky filled in her
personal information without any hesitation and the man said, “You will

receive an email soon and with that email you could get into the carnival.”

Pinky ran to Pingda and shared her joy with him, but he was not happy at
all.

didn’t even pay a tinge bit of extra attention. Now, what information did

you fill in?”” Pingda scolded her and asked.

“It’s not really a lot. I filled in my ID number, email, address, name, your

contact information...”

“Stop! That is obviously just a deceiver with a fraudulent website. You
didn’t even fill in payment options or related stuff, how could you just

12

simply fall into this flagrant trap!” He exclaimed.
Pinky felt sad, so she decided to scroll her phone to consume time. Soon,
an email notification popped out. She clicked inside and was delighted to

discover that it was the email that the man mentioned.

The whole email seemed formal, with proper registers and closings. The
structure was clear and diplomatic, and at the ending of the email, it wrote,
“Click into the link to pay for the tickets. To let your time in AIA Carnival

be more well spend, download our app here.”

With no indecision, she clicked into the link, and a proper form of XYZ
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bank appeared in front of her eyes. The big brother, who was glancing at

her, observed the whole process.

“STOP!!!"” he shouted to her, “That’s obvious a scam as well! You just
received a scam and clicked into a website with a suspicious internet

banking login screen. The other link is likely a suspicious app as well. ”

Pinky was obviously not convinced. Those emails and websites looked
official and trustworthy. Her other brother, Pingy, laughed at her as well.
Irritated by her brother’s attitude to her, she clicked into the other link of
downloading their app. Soon she was directed into an unknown website,
with advertisements popping out interminably. Her phone lagged and she

needed to reboot it.

Her big brother, who gave up stopping her, looked at her throughout the
whole process. She was finally convinced that she was just deceived.

Pingda started to explain,

“Actually deceiving is quite common nowadays, living in high-technology
era. The deceivers are adroit in using the internet to create deception. That
was a fraudulent website which you had a 56% chance to face if you were
trapped in internet deception. So over half of the victims made the same

mistake as you. In fact, if you hadn’t clicked into the website, you had a

% chances to get to phishing email.”
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TYPES OF SCAM
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“We can find out that the internet has a sharp increase from 2016 to 2017,
especially the phishing email has increased a sharp 102% and fraudulent
website has increased 26.25%, it is easy to guess that the internet deception

is rising in the future.”
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It was finally their turn to buy tickets and enter the carnival. Suddenly,

Pingy’s phone rung.

“Hello, do you remember me?”” A women asked.

Pingy guessed from the voice that it might be his aunt, so he replied, “Are

you Auntie? ”’

“Yes of course I am. Actually a car accident just happened and I got

injured...”

“What!!??” Pingy panicked.

“The problem is that I don’t have enough money with me, could you lend
me some money by transferring some to my bank account? It’s so urgent!

12

Please help me!!!” The women yelled at the phone.

Pingy was worried. He loved his aunt a lot, therefore he immediately asked
Pingda for help. But Pingda proclaimed, “You just received a “Guess who
I am” telephone deception! We didn’t even tell her that we were travelling
to Hong Kong and got a new phone card! You should calm down and

12

analyze the facts before panicking

Pingda explained to him patiently, “ This type of deception takes up 0.51
chance if you get into the telephone deception, the deceivers will wait for
your response to deceive who he or she is, then they will fabricate a story,
like being injured one ask you to pay for them. You need to be vigilant to

any calls.”
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The three little pigs decided to play the spinning coaster. Unfortunately, the

queue was long as well and they needed to wait.

“Ring...” This time it was Pinky’s phone ringing.

“I’'m from the Customs and Excise Department. I’m calling to inform you
that your package had some problems so it is kept here. If you want that

package back, you’d better transfer a decent amount of money...”

Pinky was frightened. She sobbed, and asked Pingda for help, “My

package is detained by the customs and I need to pay for it to pass...”

“..It’s fake.”, Pingda replied instantly, “Customs in Hong Kong wouldn’t
ask you to pay for packages that have problem. Problems can’t be solved
by money. Nowadays, many deceivers pretend to be officers, and try to
deceive people’s money. The chance of getting into these crime is quite
high: 0.46. It is just slightly lower than falling into “Guess Who I Am”

cases.”

Pinky was feeling unwell so she went to the toilet.

Suddenly, Pingy’s phone rung.

A vague voice came out from the phone, “Your friend is in extreme danger

now. She is kidnapped by me and I would only release her if I receive
$444444, Now if you dare scream....”
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Seeing Pingy acting crazy, Pingda snatched his phone and listened to the
phone call. He immediately called off the phone and calmed him down,
looking at Pinky who just stepped out from the toilet, “That was simply a
scam. It was a fabricated kidnap deception. You need to learn how to

discern which phone calls are real and which aren’t.”
“This is the swindle of fabricated kidnapping and the swindler pretends to

kidnap your relatives or friends. Only around 0.03 people will get tricked

and deceived, as it is unrealistic.”

WAYS OF DECEPTION(2018)

fabricated
kidnapping
3%
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You two just received several types of telephone deception. Actually 85%
of the victims would lose money in 2017, so you should be lucky that I
stopped you. Normally, most people don’t lose money, but starting from

2016, the numbers started to reverse.”

Telephone deception

—f— Money lost ——no money o

Pingda kept on talking, “As the telephone deception is quite common, we
can analyse the distribution of telephone deception cases among all the
cases, from 2015 to 2017, the telephone deception is taking a less
proportion with 30.8% in 2015 to 13.8% in 2017, we will encounter the

telephone deception less likely suppose we get into a scam.”
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Telephone deception distribution
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After a long time, it was finally their turn to play the spinning coaster. The

spinning coaster made Pinky dizzy and felt sick, so they rested aside.

Suddenly, a women approached them, “Hi, little pig, you seem to be sick.
I can observe that some evil spirits invading her. If you don’t clear them,
bad luck would stick to her. However, with my unique blessing, the spirits

will disappear into ashes...”

“Shut up!”, Pingda shouted to the women, “Stop deceiving, | know that

you would then ask for money.”

The women ran away and Pingda said, “Now that kind of deceiving is
called spiritual blessing gang, they will tell superstitious stuff, and once
you believe you would fall into the fraud to pay money and buy the

2 9

“medicine”.

“If you occur street deception, there is 0.6 chance you will fall into the

above deception and mostly elder suffer so. So, that is why I think you are
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a bit idiotic...” Pinda shaked his head helplessly.

“Hey little piggy, you screamed deep from your throat like ten minutes ago,”

Said a passing by man,” Screaming harms your throat.”

The man then took a leaflet out and pointed to it, “This medicine would fix
all your sore throats. With just $1234, you could buy one. I guarantee you
that your throat would feel much better after taking just a pill... ”.

Pingda literally rolled his eyes, and spoke, “Please, sir, we are not idiots.
You are selling fake medicine. You are deceiving innocent kids. Now

12

please leave or else I would call the police

Pinky and Pingy was surprised that that man was a deceiver as well.

“Street deception includes medicine gang, and also electronic component
deception, intentionally dropping money, these three cases have taken up

40% chance if one has encountered telephone deception.”

Suddenly, Pinky asked Pingda for some money, “Could you lend me
$1000? My friend need some money urgently.”

“Who is her? How come I didn’t know the whole thing?”” Pingda

questioned.

“It’s a friend that I met online. He is a super talented pig and he is so
handsome as well, he is so attractive! Please could I borrow some money

from you?” She replied with her childish voice.
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“I won’t, as he is obviously a deceiver as well. You don’t even know him
in real life, how could you ensure that he is trustworthy? You can’t even
know if he is really male. You just experienced another type of online scam:
the online romance scam.” Pingda replied, “Online romance scam is when
someone attracts another via internet and try to deceive their money, by

using their conscience.”
Pingda searched online, and continued, “It is also known as cyber romance

deception. This scam is one of the scams that is significantly increasing

these years, as social media is getting more prevalent these days.”

Cyber romance deception
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“Back in 2014, there were only 29 cases the whole year. But in the already
incomplete data of 2018, which only consisted data from January to

12

September, is already 463. That is a nearly 16 times difference
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Amount of money lost in cyber romance deception
450

350
250

150
100

Amount of money (Milliors)

S0
0
2014 2015 2016 2017 2018{Jan-Sep)
“Following the rise of cases, the amount of money lost due to them has
also increased a lot. We could all obviously observe a sharp increase of

money involved during 2017 to 2018. Do mind the chart actually did not

have all data of 2018 yet, but the increase is already noticeable.”

How Cybercriminals Spend their Money

¢

Spent money to cover immediate
needs

= Spent money on status items to
Impress others

= Disorganized spending on
hedonistic things

# Reinvested money into further
criminal activities

= Converted money to assets

“It is interesting to notice the selection of what the cybercriminal will do

to spend their money. 30% of them will convert money to asset, which is
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quite a silly action as the police can easily check their accounts and they
will be discovered of doing illegal trading. Don’t fall into traps and let them

spend your money!” He concluded.

After playing in the carnival for the whole day, the three pigs were
exhausted. They walked out from the exit and met the man carrying a tablet
that deceived Pinky the start of the day. Seeing the three pigs walking

around, he ran away, and Pinky moaned.

Pinky and Pingy had surely learnt a valuable lesson that day. They were
deceived for so many times, and they experienced many different kinds of
deception, including clicking into suspicious website and phishing email,
getting telephone deception such as “Guess who I am”, “Counterfeit
official”, and “fabricated kidnapping”. Last but not least, they also
encountered cyber deception included romance deception, blessing

deception and medicine deception.
They had learnt to pay attention to all the opportunities and lucky chances
they we given, and to be aware of all suspicious people approaching them.

Even if something seemed to be legitimate, they knew that they should

think more before completely believing what others claimed to be true.

(2489 words)
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U=

(AT LU B O i 26558

LMBFERE :  PO/|W)=0.5757
P(R|11)=0.4236

Bt : P(H|W)=0.5
P(R|1)=0.5 R

TEETUEZEFAE A - P(/|17)=0.4911
P(R|17)=0.5089

B 76 A : P(/1|1)=0.5773
P(R|7)=0.4227

ek (- Bl- )

T
UK 8.5 | 9.4 7.5
EZ-E 2 78 | 10.4 5.1
EMFL 6 | 7.6 44

TR A 3.6 | 4.7 25
el 76 A 45 | 8.2 0.8
SRR M+ 0.9 | 1.1 0.8
M 26 | 4.6 0.6
ENBZETHE 1.4 | 3 -02
AL ELEA 13 | L5 11

LT R e T 3.4 | 5.4 14
Tifth @+ 43 | 7.7 0.9
BHE#REAR 22 | 5.7 -12

peE R 29 | 7.4 -16
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B SEEER(E _ FHEAH
FHba 1.5 6 | -3
MPETERK 0.5 2 | -1.1
I A -03 1 | Yy
B AT 0.6 32 | -2
Aa R 0 1 | -1
JEFF SR -0.1 3.1 | -34
HR R 0.3 1.9 | -1.4
22 v IN -1 0.9 | —4
ESEDIN -3.6 1.1 | -82
it bk -3 -3.1 | -44
ZhneFad -7 —4.6 9.5
ESHIPIHERE -7 —5.3 -8.7
A4 -4.8 -3.6 | —4
e R A -55 -4 | —-6.9
TR T I -3 -0.1 | -6
L IERTIRIE —6.2 2.7 | -9.7
JES A A 94 -10.3 | -84

i (F - Bl )

S 3 (%) T H2% % (%)
2018-2019 80.9 80.3
2017-2018 83.1 80.2
2016-2017 80.2 77.2
2015-2016 78.3 74.3
2014-2015 77.2 76.5
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POINTS PER SHOT
2013-14 TO 2017-18

BETWEEN 2013-14 AND ; EVEN SHOTS WAY OUT HERE
2017-18, THE AVERAGE NBA .. ARE WORTH MORE THAN
SHOT YIELDED 1.02 ELBOW JUMPERS
POINTS

UNDER 0.85 ' UNDER D.85
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AVERAGE POINTS PER FIELD GOAL ATTEMPT
| =i
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A SRR ATE TR ST A R SR F R
ME G RPT R0 BEHRP ST o FRTILR T A LT T B
FEenz At iR

ERURVCR AR T B Fo 3 K %A= 2011 2 ERTF - 2B
“Moneyball” » 2 E 4 B F it 'S’i‘?? A S AL E S
7 B (Major League Baseball ) Zf 1f B 5. 7 38 & Rdo e 38 * Hcdp & 47
2002 £BEEA N @ BERR ;[&]4 s R
£ (N A B ARS8 vy (Advanced metrics ) o 93] s PR Hcdy 0 H
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1 Sy =t
R Minutes (MIN)
b=t i Field Goals ESE PRI SN Y
Attempted (FGA) o R @ FET IR S
P Field goals made
(FGM)
Pobf P F Field Goal FG% =FGM / FGA
Percentage (FG%)
EWAF L i d Three Pointers
Attempted (3PA)
Z e Three Pointers Made
(BPM)
WA N Three Point 3P% =3PM /3PA
Percentage (3P%)
HE TR Ee S Free Throws
Attempted (FTA)
HIE Free Throws Made
(FTM)
HIE R Free Throw FT% =FTM / FTA
Percentage (FT%)
@A Points (PTS) PTS = 2 x FGM + 3PM
+ FTM
BT Offensive Rebounds
(OREB)
Al & Defensive Rebounds
(DREB)
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b sl =
(3 Total Rebounds REB = OREB + DREB
(REB)
B4 31T Assist (AST)
ff,J E5d Steals (STL)
I Blocked Shots
(BLK)
S Turnover (TOV)
¥R Personal Foul (PF)

AR BEgpe PRI A FY PR A LR KA o
P - R R oo ik P oan— B ]S ’T}“Kg‘%ﬂ B EFRF PR
TR uessna cdrk B RE S 0 F IR E TR TS RS m;f;t
Bt oo AT TR RS LS P F O T AL F o do kb B
FOoRFEAARfrZ ARDF E B LR RSP TR 2 SEH IR
P4 ENEL PR S A S

FIpL oo 54 J-_.aﬁﬂ:}w:,;l_%br,:‘ mé}\.,tl;i_.,g;,\,g‘ b P
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PTS

TS% =
5% 2XFGA+ 088 X FGA

Tk a5 et 29 & ¢ F (Trueshooting percentage, TS% ) o v #-F) 5§ 4
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Classifying the Modern NBA Player (2014-2017)

@fastbreakdata
@rastbreakData

‘ﬁ'*ﬁiﬁm&:ﬁ”ﬁ?”’ﬁ“?ﬂﬁ@é’ﬂ: L A AR
PRIFBEIRA LA FRREFOIR 257 - % Moneyball”év’ﬂ
wE¥ ¢ L NBAF 2 o

TR
[1] The NBA is obsessed with 3s, so let's finally fix the thing
https://www.espn.com/nba/story/ /id/26633540/the-nba-obsessed-3s-let-
fix-thing
[2] How Mapping Shots In The NBA Changed It Forever
https://fivethirtyeight.com/features/how-mapping-shots-in-the-nba-
changed-it-forever/
[3] Kirk Goldsberry (2012). CourtVision: New Visual and Spatial
Analytics for the NBA
https://pdfs.semanticscholar.org/46e4/a7271de62e¢9118625dec935c4aeflb
cOea74.pdf
[4] Assessing NBA player similarity with Machine Learning (R)
https://towardsdatascience.com/which-nba-players-are-most-similar-

machine-learning-provides-the-answers-r-project-b903f9b2fe1f
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[1] IBM, “What is big data? More than volume, velocity and variety...”
https://developer.ibm.com/dwblog/2017/what-is-big-data-insight/

[2] IBM, “The Four V's of Big Data”
https://www.ibmbigdatahub.com/infographic/four-vs-big-data
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Matrix Completion and Its Application to Movie
Recommendation

Philip L.H. Yu
Department of Statistics and Actuarial Science

The University of Hong Kong

In the era of big data, the matrix completion problem has become
increasingly popular in machine learning and data mining. Matrix
completion is the task of filling in the missing entries of a partially
observed matrix. A typical example of this is in the Netflix movie
rating challenge, launched by Netflix---a move-rental company,
which aimed to improve their system for recommending movies to
their users. The dataset consists of 100 million ratings of 17,770
movies (columns) on a scale from 1 to 5 given by 480,189 users
(rows), resulting in an incomplete rating matrix with nearly 99% of
missing entries as not all movies are rated by the same user. The

table below shows a subset of the data.

Moviel Movie2 Movie3 Movie4 MovieS Movie 6

User 1 - - - - 4 -
User 2 - - 3 - - 3
User 3 - 2 - 4 - -
User 4 3 - - - - -
User 5 5 5 - - 4 -
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One of the most popular approaches is based on low-dimensional
matrix factorization methods which makes use of the technique of
the singular value decomposition (SVD). Let us first briefly
introduce the conventional SVD.

Given that X is a m X n matrix with m = n and all the entries
are observed, its singular value decomposition takes the form:
X =UAV',

where U = [uy, Uy, ...,u,] is a m X n matrix such that U'U =
I,, an nXn identity matrix, V = [v,,v,,..,v,] isa nXn
matrix such that V'V =1,, and A is a n X n diagonal matrix,
with diagonal entries A; =2 A, =>4, >0 known as the
singular values.

Note that XX’ = UA?U’ and X'X = VA?V’'. Hence, the nxXn
square matrix X'X has eigenvalues A%,A3,..,A% with
corresponding eigenvectors V4, V,,..,V, Wwhile the mXxXm
square matrix XX' has n possibly non-negative eigenvalues

22,23, ..., A2 with corresponding eigenvectors u,, U, ..., U,.

The singular value decomposition provides a low-dimensional
approximation of X which aims to find a matrix X = (X; ;) of

rank d (< n) which minimizes:

This has a closed form solution:
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X = UdAdV:iJ

where A; is a d X d diagonal matrix with the first d largest
singular values as diagonal entries, and U, and V,; are the first d

columns of U and V respectively.

However, in the context of matrix completion, some of the entries of
X are missing, and hence the above singular value decomposition

cannot be used.

Given a partially observed matrix X = (X;;), the matrix completion
aims at determining a low-rank matrix of X by finding the
matrix X = (X; ;) of rank d which minimizes the sum of squared
distance to the target matrix X:
z (X = 2"
(L.)eq
where () is the set of the (i,j) pairs for which X;; is observed.

To avoid overfitting and to encourage stability, various methods have
been proposed in the literature. A common approach is to adopt
matrix factorization with regularization by introducing penalty to the
unknown parameters. For example, one can minimize the objective

function J:
m n
74 2 ! !
]= z (XU_XU) +a(zuiui+zv]'v]'),
(i,j)eq i=1 j=1

where X; ;=wv; and a =0 is the penalty parameter. A larger
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value of a will shrink more entries of u; and v; towards zero.

Once all the u;’s and v;’s are determined, we can predict those

missing entries X;;, (i,j) € Q by X;; = ujv;.

Consider a toy example where there are 9 ratings given by 4 users

on 4 movies:
Moviel Movie2 Movie3 Movie4 ‘
User 1 - 4.5 2.0 -
User 2 4.0 - 35 -
User 3 - 5.0 - 2.0
User 4 - 3.5 4.0 1.0

Suppose that the estimated user vectors u;’s and movie vectors

vj’s for d = 2 are

Dim 1 Dim 2 Dim1l Dim2

User 1 1.2 0.8 Movie 1 1.5
User 2 1.4 0.9 Movie 2 1.2
User 3 1.5 1.0 Movie 3 1.0
User 4 1.2 0.8 Movie 4 0.8

1.7
0.6
1.1
0.4

The estimated rating for Movie 1 for User 1 is 1.2(1.5) + 0.8(1.7) =
3.16 and the estimated rating for Movie 4 for User 1 is 1.2(0.8) +
0.8(0.4) =1.28. So it is expected that User 1 prefers Movie 1 than

Movie 4 and Movie 1 could be recommended to User 1.

In the Netflix movie rating challenge, the objective is to predict the
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ratings for unrated movies, so as to better recommend movies to
users. The “Cinematch” algorithm used by Netflix had a root-mean-
square error (RMSE) of 0.9525 in a testing set. After launching the
competition in 2006, the winner algorithm could improve this RMSE
by at least 10%. Notice that the SVD played an important role among
many competing algorithms in the competition including the
winning algorithm. For more details about various matrix
completion techniques and the Netflix movie rating challenge, see
Chapter 7 of Hastie, et al. (2015).
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