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Abstract

Recommendation system is the system that recommends products and services
to customers. The product rating of all customers and other features are used as
information to predict what customers may like. The conventional Collaborative
Filtering (CF) and Content-based Filtering approaches do not perform well when the
individual technique is used separately. This research proposes machine learning
models to create a hybrid of these two approaches for video game recommendation
system on the game rating dataset obtained from Amazon.com in 2014, which consists
of 168,291 users and 23,177 games. The first model combines CF Matrix Factorization
and the Content-based Filtering techniques. The second combines CF Item-base and
CF User-base combining with Content-based Filtering techniques. The 25% of data are
holded out for evaluation of the models. The criteria Root Mean Square Error (RMSE)

are used for evaluation and achieve the best accuracy with RMSE at 1.7.
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sim(u,v) =

gi/ﬁ 2-5 @un1s Pearson Correlation Coefficient
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7407: [p91la1] https://valiancesolutions.com/recommender-systems-101/
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2.5 mﬁmwilﬁmﬁ’u Hybrid Recommmendation

sruunuzinannngldisnisnsesteyauuuras (Hybrid Filtering) lagn1537u Content-based
uag Collaborative Filtering LU Feendniaestodnnnues Content-based uag Collaborative
Filtering lousionavinlifiannududousasldnsnensluniswueiigs nenatenanuuansliiiuii

HAauudugunnal Content-based Filtering wag Collaborative Filtering

[y

Hybrid Filtering 9z5udayanuanvuzvesingiuylduaztoya Rating iielvlanauselevian

9 U

Y v

foyaviasuuy sruuuuztnuuleuinihniesmdaneiiu A iy B Tnewenguiiorlitorives A lu
nsuAtlaymuea B 1 Collaborative Filtering axiitlamiZesnsuuziiringlu sz Tnglnailsid doya
Rating usiFasillallutiqmnd miy Content-based Filtering a1z dinavhweingludinain & g
104 (Rauidnuay) Taillvegudilotnglmiidngszuu Fensaeszuuiuziuuulovinlas miss

Collaborative Filtering t9117U Content-based Filtering L31@ 115001 IUVDTINARIN) VDI Loiay

danasriule 1wu Jgyun Cold-Start waz Popularity Bias

F3nsfiavii Content-Based Filtering Filtering was Collaborative Filtering wsaufuduy

Y o

SLUUWUEUWUU Hybrid Filtering @sunsauusle fadl

=<

1. Combining Separate Recommenders \Uumadenuiialunisadnesyuusugiuuy Hybrid af
fio N151Y Content-based wag Collaborative Filtering waniuAuaLEIw NNUUILTNASNS
ONUIADILUU TILUULSNAIUITOTINHAGNSALAINTSUULU LU WAL LUURA I ANITHUS U
a ) vaal . A A ~ ] o & °
Wenuy Ineazldlsn959uLUU Linear 199015 Vote ¥1599n1N19%LeA8 MNAaNGaINTEUULULIN

Tnssuukugdmilayintu 899zaonnNasnsnangalagaedsnuasndamunwlunswuzdn

2. Adding Content-based Characteristics to Collaborative Models LﬁUﬂﬂiﬁ?@mauﬁaLaww
114981998335 Content-based uldl5113% Collaborative Filtering Fsfinanaszuuiivhszuu
wupiuuy Hybrid Tuguuuuilidu Fab u3e Collborative via Content @414 Collaborative
Filtering uuussfutayamuvoutesldaznduuuu Content-Based Fadunisuidgmioya

YoliNiINT5 Rating IngrieaifulugwiliiAndedniawuu Sparsity
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3. Adding Collaborative Characteristics to Content-based Models Lﬁ“flumiﬁmmauﬁ’amww
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U190819v893% Collaborative Filtering 111d131u3% Content-based 337ifauldiu Ao
mslfinadianisandfvosnaudeyadlifisnsdemy Content FeirognswasiBnisguuuuil 1Hud
Latent Semantic Indexing Faudu Algorithm msﬂuﬂ’lia%’mgumauwu Collaborative T#fiu
User Profile ﬁLLamTugUmamammma% Fe1nuadnsanis Hybrid Iugmwuﬁﬁﬂﬁ

FEUULULUT TUSLENSAINLNLTY

4. Developing a Single Unifying Recommendation Model Wunisasrslamaniendineans
INANEULIANIZUDIIS Content-based waz Collaborative Filtering 14U Bayesian Mixed-
Effects Regression Models F9l438n15909 Markov Chain Monte Carlo lun15Uszuna

ANNITIALADIUAIAIAAZLLNIAT Rating

.| CF Based
Recommender

31/17/ 2-7 Hybrid recommendations

7407: [p91la1l] https://www.marutitech.com/recommendation-engine-benefits/
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2.6 8IAAU3AINU Matrix Factorization

e lglvinzuuuiunMeunsnngnIg (WINIE1N1salARLLUNANMINE) AxLuwmEnt]
ausanandluzukuuveauning Mudazuniuanseldusazay luvasiudaznoduilianinneunsa
wansnafiu viulddndnamindasnszdanszaemsznnaulildguimnises (smneullsaieuwnnsig

fulenndienineuns)

DUz Taves Matrix factorization Aesiuausnsau Implicit Feedback ¢ daududoya
lildsulnense usanunsaldunannmslesgingAnssuvesld n1sldyaudeiisanunsauszfiulan

Aldvzgounilanlineiiuinnouniolil wasnINNITUTEUIUATIULEANLTIENITALULIN NN UA ST

Tugls

Matrix Factorization @$1¢ latent feature tioiUSeutteugldsrenidsiugldseau (feature

Y

base) 83UNEI18PLNMUTENBUNISEUBYDS Latent Factor Fammuadnuaieiadlduaznneunslag

Idaoaunu - Male Wiguiu Female wag Serious Wiguriu Escapist Ae3Ufl 2-8

Serious

t |Braveheart
[madens
ibi
L
: p

BY

ethal Weapon
Sense and
Geared Ocearis 11 |ﬂi | Geared
toward K I foward

females

-1

Y4

Diaries

Escapist

Figure 2. A simplified illustration of the latent factor approach, which
characterizes both users and movies using two axes—male versus female

and serious versus escapist.

gUﬁl 2-8 Latent Factor

fian: [eaulai] https://towardsdatascience.com/paper-summary-matrix-factorization-techniques-for-

recommender-systems-82dla7ace74
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2.7 aunsnluaziaiaslienldlun1saiiueu

Tunisyinlassnulambunisiaslieseiendurasnsamswazaandwisaesaludl

2.7.1  a1¥awasnlgluniswaiun

2.7.1.1. AdUR1M3 Intel(R) Core (TM) i5-3470HQ CPU 3.20 GHz

2.7.2  wavakIsNlFlunITWaILN

2.7.2.1 Jupyter notebook

o
N
jupyter
o

U 2-15 sUsyanwallusunsu Jupyter notebook

747 - [ooula] https://upload. wikimedia.org/wikipedia/commons/thumb/3/38/Jupyter logo.svg/250px-

Jupyter logo.svg.png

Jupyter notebook fg \Ju Interactive Computing Environment ﬁiﬁ@ﬂ%
ausadauids uadliussutanad1diuus nSouuaninaansneayaAdef,
Notebook @11150Lfiu Code wazfs Markdown figeliuansdoyaluwuuniagle

[l 4 I . 1
LU ADINITLERILTY Heading LLUU#199
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2.7.3 M Usunsuntgluniswaun

2.7.3.1 Python

H Uil 2-16 dyanwain1y Python Programming Language

fian - [ooulatl] https://pluralsight.imgix.net/paths/python-7be70baaac.png

Python fla nwilusunsudugestianils gneenuuuli code amnsn guldine
Tnen sl “dosln” wie whitespace {Wusuuadn code unazussinagnels block 1a
wnuiaglddnnn ({}) wuunwdu qua%ﬂqmmﬁﬁugmmﬂ%ﬁ%muuiiﬁmiﬁﬁaa
DUABUAU C++ Wag Java anwele feature AMEAUNAIBLUY WU @NNTOUSIITIANTS

nuwANUIlALeY, $995UN15VN9IUMANY paradigm, object-oriented, functiona
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3.2 WHUNISAIUIATINU

AseiunstuniIsyilassulduuseanidu 4 syey Ao

sreedl 1@ NuNUInrilaseu Anwideya T1uTamged] wazanddenineidesiussuuiugii
(Recommendation System)

Syeedl 2 : epnuUUNISnuRedaaasruulugiuuulausa Usenaumenisnaunsuwuy

lumaszuuuziuuy Content-based Filtering wag Collaborative Filtering
S8 3 ﬁflmiLﬁUimw%ya nMFATERdeya uaznsAndendeyanaviluldiuluea
s88E? 4 : WaLluwassuukueIflanuwuulause kagnaaaulseansnnlunassuy

SLYLLIAUNITAIRUNITAILALADUAINNIAL 2561 DIADULLYEU 2562 SIUIA9EU 9 LHBU

TAYIWANUNITAMIULATINU AIN19N 3-1

§I5N9 3-1 UKUAITANTUIATINIURAUALADUFINIAL 2561 HAADULWIEN 2562

3 2561 2562
URU wazIsn1sadulATIny

f.a. | we. |5 |wa [nw | da

Anvngul wazuidenineadas

59UsUTYA uaAATIENTEUY

DINBUU HATWAIUITIUU

nagauUsEAnSaIn wazuTuusauily

Useiliuna uazasunan1inagaes
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nsiususiuteya tngldyadeyanzuunilomny anniules Amazon.com @y

yntoyaiitoyananua 1,324,753 um Uszneuluse 826,767 f14 uay 50,210 1 faguil 3-1

User

0 AB9S92790Z23Q0
1 A243SUT5CSWaBH
AK3VOHEBJMQ7J
A10BECPH7TW8HM7
AZPRVOOQULX1TWP
AE7GUHCDQQA4UI
A48ABFDDRMKI8
A26BOPEKI5SIKW
AZ3UWOC8QS06C
A182S3ANCOWT7DL

w e N e W Bk W N

Game Rating

0078764343
0078764343
0078764343
043933702X
043933702X
043933702X
043933702X
0439339960
0439339987
0439342260

5.0
5.0
4.0
5.0
5.0
1.0
5.0
3.0
5.0
4.0

Datetime
2013-07-07
2013-08-24
2013-07-04
2014-07-10
2013-12-04
2013-04-17
2013-07-19
2010-11-01
2013-04-25
2012-12-19

U1 3-1 fegndeyanzuninlewnyain Amazon.com

3.3.2 nMsfataandayagIniun1smnsuluna

nsAndendayaaint 2014 Fudularantugadeyanzuuiilony wildlunisinsy

Tumassuunusdintanuwuulausa nglud 2014 ddeyansvun 222,009 uad Ysenauluimie

168,291 {9 wag 23,177 1Ny

inshsteyavesinlainuanizt 2014 lagld Application Programming Interface

(AP)) Fetayavosintewny Usenoulume veiteny wiaslesiinlemny Ussavidaleny waz

LY 1

¥ o aal
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Toyaialewnuanzy 2014 Nvinisisdeyame APl ddayanldlansun 70 tnu Tned

LY

ArsvadAteinuiliidududeyananualul 2014 farldgriu waglifdrindlunisedoya

U7 3-2

¢

Name Platform  Genre Publisher

0 2014 FIFA World Cup Brazil X360 Sports Electronic Arts
1 Assassins Creed: Rogue PS3, X360  Action Ubisoft
2 Borderlands: The Pre-Sequel X360, PS3, PC  Shooter (BT
Interactive

Cabelas Big Game Hunter: Pro

PS3, X360, Wiill Shooter Activision
Hunts

PS4, Xone, PS3, X360,

4 Call of Duty: Advanced Warfare PO

Shooter Activision

U 3-2 seendeyaialeinsuanizl 2014 igstoyanie AP

3.4 A5, U8UTUSHASUNAIUINULAATZUULULUN IR anuwuulause

3.4.1 MINAILIAATEUULULZUNIALBLNULUU Content-based filtering

i

Tdtauaiflanuanua 70 1NN TuNISMSUlNWASEUULUL TR laLNLLUY Content-

Y

based filtering 1ngl435 Bag of words sandeyarinanvedinlewns faguil 3-3

bag_of_words

Name
2014 FIFA World Cup Brazil X360 Sports Electronic Arts
Assassins Creed: Rogue PS3 X360 Action Ubisoft
Borderlands: The Pre-Sequel X360 PS3 PC Shooter Take-Two Interactive
Cabelas Big Game Hunter: Pro Hunts PS3 X360 WiiU Shooter Activision
Call of Duty: Advanced Warfare PS4 Xone PS3 X360 PC Shooter Activision

3“1/17 3-3 §a98 9 Bag of words Ye43aleinl 70 1nu
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nsudastoyaintoinuidunnmes udild Cosine similarity Auaauadendaiu

YNIALONUNIVUA 70 1Y AIFUN 3-4

10

-04

-0z

-0

0 - 0.30
12 - 0.15
16

0

2 - 0.00
pr:]

2

3 --0.15
40

44

45 -—0.30
52

56

60 - 045
4

68

o o =T
[EalesSvper

RERGRRRREEED

J U7] 3-4 Cosine similarity matrix Y993 latnal 70 1y

Mnsihueginlomnundainuaaisadsiuinuiitden (Call of Duty: Advanced Warfare)

WINVEA 30 LNULSN AIFUN 3-5

Game = 'Call of Duty: Advanced Warfare'

recommendations(Game)

['cabelas Big Game Hunter: Pro Hunts',

‘Destiny’,

"Wolfenstein:
‘Borderlands:
‘Far Cry 4,

The New Order’,
The Pre-sequel’,

'Metal Gear solid v: Ground Zeroes',

"Sniper Elite 3°,

'Transformer: Rise of the Dark Spark’,

"Titanfall’,

"Plants vs. Zombies: Garden Warfare',

'Dark Souls II',

'Teenage Mutant Ninja Turtles: Danger of the Ooze',

'GRID Autosport’,

"Persona 4: Arena Ultimax',
'Assassins Creed: Rogue',
"south Park: The stick of Truth’®,

"Thief (2014)',

'"MX vs. ATV Supercross',

'Naruto Shippuden: Ultimate Minja Storm Revolution®,

'Sacred 3",
'Castlevania:

"LEGO The Hobbit',

'How to Train Your Dragon 2°,

Lords of Shadow 2",
'Pro Evolution Soccer 20157,
'Dragon Ball 7: Battle of 7%,

'Lego Batman 3: Beyond Gotham',
'Dengeki Bunko Fighting Climax’,
'Hatsune Miku: Project Diva F 2nd’,

‘Strider (2014)°,
"Watch Dogs']

U 3-5 3U 30 inuusniidniupaIenainy
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hnnstdeyaialenunianuadieadaduinuiiden (Call of Duty: Advanced Warfare)

WINTge 30 Lnuwsn Hanuiudeyanziuudnlonulul 2014 uazdndenteya lneldendeyai

Al 30 Auwsn Wimgwwwdilewny 30 wnutuvesiga luniswsulinassuukuziinlonuuwuy

Collaborative Filtering ﬁqg‘dﬁl 36

2
3
4
5
6
7
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U1 3-6 faeeteyansuunialonuiigly 30 auusn linzuwiinleinuveeiign

3.4.3 nsnaILlunaszuuLuzinIflatnuuu Collaborative Filtering
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A1GD1G8XXPRYQ8
ATN4PWEFTMBUSQ

Game Rating

BOOGEMW4SM

BOOIGH1LJ8

BOOIGHP28Y

BOODCSSWWE

BOOIGHY7LC

BOODC9T2J6

BOODC9SWWE

BO0BJSY3MI

B0OODC9T2J6

BOODC9SWWE
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0.0
0.0
0.0
0.0
0.0
0.0
0.0

5

6

7

8

00 00 0.0 00

0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0

0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0

0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0

0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0

2 ...

0.0
5.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0

U9 3-7 dreehaumingnzuu
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NIV BUNS N Az wUUDNLTUY 4 72U AUl 3 d2u LJu Train data set wag

8n 1 duiinde 1Ju Test data set waudasanazuuuly Test data set Tiwiniu 0 Aaguil 3-8

—

R N
PERPEINPEPEIPEREED
PO NNSE
SOLEIEWVEROENEED
neLeeNeeEReRENED
PrPPREPErPEpEpPEREER
PrEEePIREPEERER
R
POPOLEREROINEORS
PEEPPPEPIPEIPEEER
PEPRPEPEPEIPEIRPRED
PEREEEEEEEREEED
SOOI ENEROREOED
S
RIS
PEEIPEIPPPEIPEIER
PEPREPEIPPRPEIPPORR
PRSP
e e
e i i
PREEPRPERPrpreEpERPER
R i
R R
e e
PEEIPEIPPPEIPEIER
PRPEEPEREPREPRPRPER
PRSP ERE®

S S S S S S S S S )

—

U 3-8 msuvasmpzuuuluumindamsunismsuluna

3.4.3.1 NMTNAIL INAaTEUULUZUIAATaLAULUY Non-negative matrix

factorization Collaborative Filtering

Tiunsndrzuwuy Tumswmsulunassuuuwugiialawnuiuu Non-negative
matrix factorization Collaborative Filtering @1%5Un15vNuIEMIANAZLUUUTZLA
Tuvindazuuudu Taanmuali K = 4 0= 0.1 = 0.01 wagyinIsSvsunsmun

40 50U FagUil 3-9

Iteration: 1@ ; error = 0.6880

Iteration: 20 ; error = 0.1648

Iteration: 3@ ; error = 0.0772

Iteration: 4@ ; error = 0.0626

R _test

[[e. . ©. ©. 5. ©. ©. 9. 0. @. ©. 0. @. 0. ©. @, ©. 9. ©. . 0. 0. 9. 4,
8. 8. 0.]

[9. 9. 9. ©. 0. 0. 9. 9, ©. 5. . 0. 0. ©. 0. 0. 9, 4. 0. 0. 0. 0. 0. Q.
8. 0. 0.]

P x Q:

[[4.61921099 4.79344292 4.46301337 4,34359381 4.98555031 4.5775352

4.8068136 4.69520725 4.68533005 4.67372194 3.,47431814 4.9970673
3.87313979 A4.41672798 4.52379567 4.,24094954 3.90803758 3.82321306
3.66992364 4.19236476 4.44462107 4,25000949 4,41058838 4.00782725
4,24504817 3.713721 4,26169453]
[4.59456018 4.78746039 4.62042421 4.32631245 4,77842121 4.58106968
4.61486484 4.66906483 4.78638812 4.99342991 3.911872 4.,95961323
3.85298631 4.53549473 4.56791171 4.40759975 3.77081821 4.008414668
3.72220897 4.42791855 4.54138959 4.4103166 4.37018873 3.98948225
4.37901525 3.40061086 4.06501424]

UM 3-9 FaeeansuIsEa Yo Ing



25

3.4.3.2 N1SWAIUNLULAASSUURUZUN IR LaNULUU User-based

Collaborative Filtering

THmunsndazuuu Tlun1sivmsulumassuuiugd1Inlonuluy User-based
Collaborative Filtering @ wsunisvituemataziuuysenna luunsndazwuuLA
Ield Cosine similarity ay Pearson correlation similarity A1u2uAIUARIIARINY

VoI LY

inswdasdeyadldlummindasuuwdunnnes uadld Cosine similarity

manuAaeAReiusEnIelY fagun 3-10
o -m ™ 10 o - 0.30
] [ ] ] [ | |
~ - -. . - - - ~
- @ "a"mm = = = os 015
o =i Emagii=== - ljn ai== g g . |
H Em H EH EHE [ ]
N - [ ] e mm ] 0.00
= = %
9 3 HE=m B= EEM o
ﬂ - | - mm -.- - E __0_15
= H EE H EEEE (=1
o - - mm = - =--- 02 o
m ] ] -=-- | B | --- m
A moom mEm m I~ = --0.30
ﬁ:- = = ==- -00 ﬁ = H { [ ] I.. H | I |
~ 1 .I I.I--I 1 1 1 -I 1 1 1 1 1 1 ™ mimmEEE = u
02 4 6 B 1012 14 16 18 20 22 24 26 28 0 24 6 81012141618 202224 2628
U9 3-10 Cosine similarity matrix o419
o v a ¢ I3 s v g v .
insudasteyadldluunindazuuudunnnes udqlyd Pearson correlation
.. . v = o ' Y o a
similarity vANuASIeAReiuTenIgly Asgun 3-11
= -E ™ 10 = - 0.30
= .- L | ] = -. = - - ™~
| |
¥ @ "z"=m ] L] L] pg ~ 0 Bfm 015
o =i Emagii=== - lj= =i== g g - ESECiEN, |
H EE [ ] H E EHE [ ] | n
= = == . ==a 06 S mE-umomt-mm
o = ] e mm o " ERE - 0.00
= = = mama u
g~ 1§ 280 H O CUNFR e e
ﬂ - | - mm -.- - & .- H | | --=- HH ._0_15
g - e L | = IEREEEISARER = s,
- | - mm = - = mm -02 ., om  EEEE .
™~ ] H EE = " = =EEm ™~ | | 1 EEIE H EEE
b " ™ = T T it --0.30
8 z = R e
~ 1 .I I.I--I 1 1 1 -I 1 1 1 1 1 1 ™ mimmEEE = u
0 2 4 6 8 101214 16 18 20 22 24 26 28 0 246 81012141618 202224 2628

gUﬁ 3-11 Pearson correlation similarity matrix ?18\757617”
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MnsiuIemAIAzuuLUsEann Tulinsngaguuuiy ngly Cosine similarity

U&'gﬂﬁl 3-12 uazlagly Pearson correlation similarity é’fﬂgﬂﬁ' 3-13

(] 1 2 3 4 5 6 7 8 9 ... e 1 2 3 4 5 6 7 8 9 ...

0 00 00 00 00 50 00 00 00 50 00 0 00 00 00 00 80 00 00 00 80 00

1 00 00 00 10 00 00 00 00 00 0.0 1 00 00 00 10 00 0.0 0.0 00 00 00

2 00 00 00 00 0.0 00 00 00 0.0 0.0 2 00 00 00 00 0.0 10 00 00 00 00

3 00 00 00 00 0O 00 00 00 00 00 3 00 00 00 00 0.0 00 00 00 00 00

4 00 00 00 00 00 1.0 00 00 00 00 4 00 00 00 00 00 00 0.0 00 00 00

5 00 00 00 00 00 10 0.0 00 00 0.0 5 00 00 00 00 0.0 00 00 00 00 00

6 00 00 00 00 00 0.0 0.0 0.0 00 0.0 6 00 00 00 00 0.0 00 00 00 00 00

7 00 00 00 00 00 00 00 00 00 0.0 7 00 00 00 00 0.0 00 00 00 00 00

8 00 00 00 00 00 0.0 0.0 0.0 0.0 0.0 8 00 00 00 00 0.0 10 0.0 00 00 00

9 00 00 00 10 00 0.0 00 0.0 0.0 0.0 9 00 00 00 10 0.0 00 00 00 00 00
FUT 3-12 freehaum3ndainzuunyseyana FUT 3-13 faeehaumsndmnzuuiysena

977 Cosine similarity wadgﬁ?? 997 Pearson correlation similarity ?157\7577??'

3.4.3.3 N1SWAIUNLULAASSUUKULUNIALaNULUU Item-based

Collaborative Filtering

THunsngazuun Tun1amsulumassuuuugi1dnlanuluy Item-based
Collaborative Filtering @wsunisvitunemaiagiuuyseunn luunsndaswuuLAs
1agld Cosine similarity wag Adjust cosine similarity AMUIUANUAGIEATINUVDY

AntoLny

nsudasteyaimlonuluumsndazuumdunnmes udld Cosine similarity

PPNUARIYARINUTENINGIALDLNY

insuasdeyaiflonulummindazuuuduanmes uwaild Adjust cosine

similarity MAuARIEATITUTENINGIAleINY Aegunt 3-14
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Mnsiugmamazkuulsena Tuavsndaziuuiy lneld Cosine similarity

3-15 waglagly Adjust cosine similarity ﬁ'ﬂgﬂﬁl 3-16

5
0.0
0.0
5.0
0.0
1.0
3.0
0.0
4.0
5.0
0.0

6
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0

7
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
1.0

8
5.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0

9
0.0
4.0
0.0
0.0
0.0
0.0
0.0
4.0
0.0
1.0

U7 3-15 fa0eaum3ngnnzuunysyim

979 Cosine similarity Ye43aloins

o 0 N e ;B W N

U 3-16 A10eaumingminz sy

99 Adjust cosine similarity ¥94381oin3

e
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1
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2
0.0
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0.0
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4
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3.5 N5NAFaUUSEANSAN AuLdiug1vaslanassuULLzindflanuuulause

BN1sNeaauUsEaNSAIN ANULLUg1vRIluAassUURLE IR lanukuUlause Tnadnne A
Root mean square error lulsazluna lnatUsouisumazuuuaufy fuaApzwuulssaivinuela
WguiguanizAnzwuuludlu Test data set Avinnnswusunsngazwuull 1 @ 91niaun 4 g

[

mgﬂﬁ 3-17

36 users

404 24 A A oo A 4 Predicted rating —]
3423033310 1 v
o I
520113511 1 RMSE = IRI\/Z(i'x)GR(rxL Txi)
82188808 R ‘_J True rating of user x on item i
36 01 2441 420 2
tems| 0221 1[T 544 o Test e2211[0 0 0 0 0]
400131 235 1] Daraset
[40013|00000]
3414505322 ale—I [34145|0000 0]
—_—
0103240154Convertvaluestoo [@163299699]
045555410 0 [064555|0000 0]

JUT 3-17 §29690154U4930T uazgns Root mean square error
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uni 4

Nan1sAtulATeNU

o
[

nsaliulassnulupseiifideliauenanisalivlasenu lnsuanssadnsawoluil

4.1 w&@ndIA1 Root mean square error (RMSE) mn‘tgm’fegaamamm

1. TumassuunuzdnIfloinuuwuu Collaborative Filtering (CF) Tngld
1.1. Non-negative matrix factorization (NMF) la@1 RMSE = 1.75
1.2. Non-negative matrix factorization Surprise library 19A1 RMSE = 1.68
2. luwaszuuiuginlelnuiuy User-based Collaborative Filtering lagly
2.1. Cosine similarity AR RMSE = 1.74
2.2. Pearson correlation similarity la@1 RMSE = 1.79
3. luwasyuuiugiInlennuiiuy Item-based Collaborative Filtering lngld
3.1. Cosine similarity 1@@1 RMSE = 2.6

3.2. Adjusted cosine similarity laA1 RMSE = 2.7

Root mean square error

3
2.6 2.7
2.5
2 1.75 1.68 1.74 1.79
1.5
1
0.5
0
Non-negative Non-negative User-based CF~ User-based CF Item-based CF  Item-based CF
matrix matrix with Cosine with Pearson with Cosine with Adjusted
factorization factorization similarity correlation similarity cosine similarity
(Surprise library) similarity

H Root mean square error

JU7 4-1 3Uns MauTUaRSEAaWEA1 Root mean square error
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4.2 uANIAT Root mean square error IMNYATAYANTNEUAS

ynsugateya The Movies Dataset 91k 3uled Kaggle.com fiauvinssuuuuginnmeuns

agua) uazAndentaya Ineidendeyanilyly 30 Auwsn NlviazluuANEURTUBENER UazANEURS 30

Y Y 9
Seawsniignliasuuutesiign udwhnisnsudislunassuuwusiiuuy Collaborative Filtering uaz
nagauUTEANSNIW AuLiug1vesluwma lngdnfeal Root mean square error
#1n191U38ULTIBUAT Root mean square error N1LARUAT Root mean square error ALAL

[

YDITTUULUEIANEUNT FegURt 4-2

Root mean square error
1.2

0.98
0.94
0.89 0.85 0.9 0.89
I I I I |
0 I I

0

[oe}

0

o)}

0

NS

0.

N

Singular value Non-negative Non-negative User-based CF User-based CF Item-based CF Item-based CF

decomposition matrix matrix with Cosine  with Pearson  with Cosine  with Adjusted
(Surprise factorization  factorization similarity correlation similarity cosine
library) (Surprise similarity similarity
library)

B Movie Recommendaiton ™ Hybrid Filtering

U 4-2 gUnTmuvisniuanssadnsnsiuiguligual Root mean square error
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unil 5
a3Una afusnena uasdalauauuy

5.1 ayunansinerAuAdn

dloldFne warWaunssuuiuzddfleonuuuulause lngldisn1snsesdeyauuunas (Hybrid
Filtering) 73t AHlA Content-based Filtering Wag Collaborative Filtering LU0 28171 d1u190a3y
nadwsvesmswaulasoluil
Aadelaiiniswauilunaszuuiugindfleinuuuy Content-based Filtering 571U Non-
negative matrix factorization ag lulAaTzUULULUIIALOLALLUY Content-based Filtering $AuAU
User-based Collaborative Filtering Wag Item-based Collaborative Filtering lagvi1ugn1AIAZ LU
Useanad MNUANGAZLULLAL '17iLL‘LJaqmafmﬁi’Ia;ﬂa%LLuueﬁIamuiuﬂ 2014 WieiUTeusieuuszannim
wazinAuLug1veslunanIsA1 Root mean square error

NI UUTEANSAN Anukdug1vedlunassuukuzinIalanuluulausa nuinlunday
luiaa FIduanu1sainauLaugImea1 Root mean square error LaAaud195 widilaA1 Root mean
square error ﬁqqaguj osnananuuuswesuming fdAasuuuinees edosay 92 aanaun
LazaINN15LUIIULBUAT Root mean square error AUTEUURUEUIATNEUAT A18TEUURUEUILUY
Collaborative Filtering l¢iA1 Root mean square error ﬁaﬁlqmwhﬁlu 0.79 FefluseavEnmAnn waed

AlndlAeiumatia Singular value decomposition 71lAiA1 Root mean square error Wiy 0.89 Vo4

SLUURUETNAWEURNS
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5.2 aaUsena

nMsaiulassuansainssuuiugdIaenuuuulause wnlslunsuuginialomnuliiu
Alle Ineldinetia Content-based Filtering viungwidleinuanuasendeiu :ndoyanieveany
wildinatla Collaborative Filtering vnwgmanaAziuuUszanu Indeyanziunialonuiaaienisiu

Alaunannsmsumematin Content-based Filtering kagaINNINAABUUIEAVEA N ANULNUEIVBS

a b4 1

Tumaszuunuzinialeinuuuulauia Mg Root mean square error wuitlukaazlunaduszansnw

Aaa ]

A leiA1 Root mean square error NIAfIgALiNAY 1.74 aguladnssuuiusiinlawnuuuulausa auise

9

W llunswuziilemnulviugdldlauiug fdeyaiinuuiunsdes (Low Sparsity)

5.3 VDLAUDLUY

[ ] I

Wesanlasenuidilanunnseseglugataya LU AULUIUITRITRLaATLULIALOLNY

Y} A 1% a I a ¢ 1% a ¢ a ] = v
'VTEN"\]’]ﬂVlLLUaQGUQM“aﬂgLLUU'J@I@LﬂNLﬂULﬂJWiﬂQjﬂgLLUULLaU IULlWﬁﬂsﬁﬂgLLUUNW']?]%LLUU’J’]QLE’J@gﬂ\‘ﬁ@Uag

'
A

92 9N F9vilinsvinuematezkuuUszau leUseansamlufvinfinsazdu 1hesanau

¥
P

WUTesteyansuuIflawny aumsliyndoyaniinnuuiueiniiil
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AARNUIN N

n1sN9ulugauvas Python

W& Content based & Non-negative matrix factorization.ipynb

o YINN3AAAINIU Google Colaboratory Wield Surprise library

Ipip install surprise

«  Modules 7l#lulwg Content based & Non-negative matrix factorization.ipynb

Module | Pandas

3 14 Pandas lunsivanlniddeya excel agldtoyalusuuuunsna (DataFrame) Audstoya
M | enudalazAedul
14 Pandas Tunsa$1a Series dwsuiudeyainlens Tuguiuudsi (ndex)
e Series()
14 Pandas Tun1s Merge Tayainleiny
e merge(df rating, df content, left on='Game', right on='Game")
sort_values('Name')
14 Pandas Tunsasnauiing

e pivot(index = 'User', columns ='Game’, values = 'Rating').fillna(0)

Module | Numpy

n13 14 Numpy Tunisiuiumiavsingg uazudstoyainlewnaldly Aray
U e map(lambda x: x.split(,))
14 Numpy Tunssiudeyainlewnulilu Bag of words
e drop(columns = [col for col in df title.columns if coll= 'bag_of words'],
inplace = True)
19 Numpy TuA1SATUIUAMNLUIUINTBAUNTNG
e count_nonzero(R_df)

14 Numpy Tun1suusamsngdmsunisinsuluing uazvadouUszansnin
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14 Numpy lunsideuilarduvesmaiian Non-negative matrix factorization
e MF(R, K=4, alpha=0.1, beta=0.01, iterations=40)

Module | Sklearn
13 14 Scikit-learn 308w library Tu Python Tunisudasdeyavedinleiny Vector
N9U e countVectorizer()
14 Scikit-learn a8 library Tu Python Tun13@31s Cosine similarity matrix
e cosine_similarity(count_matrix, count_matrix)
14 Scikit-learn a8 library Tu Python TunsAiuiainiA Root mean square error
e MSE = round(mean_squared_error(predicted rating, actual_rating),3)
e RMSE = round(sgrt(MSE),3)
Module | Seaborn
n1g 1% Seaborn Tun158319 Heatmap dmsunaennsidesdfiiiowanina
91U e sns.heatmap(cosine_sim, linewidth=0.5, cap="Blues")
Module | Matplotlib
n1g 14 Matplotlib TunsAuIuAUAGRAIERT LazNaaNTINElAIA array TIISTUN
W9 waﬁl@faaﬂmﬂugﬂmw
o plt.show(), pltfigure(figsize=((16,4))), plt.plot(x, y), plt.xticks(x, x),
plt.xlabel("lterations"), plt.ylabel("Mean Square Error"), plt.grid(axis="y")
Module | Surprise
n13 19 Surprise Tun1slun1sAuIUmIAT Root mean square error RaLATIALUU Non-
91U negative matrix factorization

e evaluate(nmf, data, measures=['RMSE', 'MAE'])
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W& Content based & User-based and Item-based.ipynb

«  Modules #l4lulwd Content based & Non-negative matrix factorization.ipynb

Module | Pandas
3 19 Pandas Tunisivanluddeya excel azladayalusuuuun1sns (DataFrame) Muustoya
MU | ausalazAeaul

14 Pandas Tunisasnauiing

e pivot(index = 'User', columns ='Game’, values = 'Rating').fillna(0)

Module | Numpy
N9 14 Numpy Tun1saunuiilasige wagn1sauniuatnaans
e | 14 Numpy Tumsuusinsnddmsuntsmsuluea wazvagoulszansnin
Module [ Sklearn
13 14 Scikit-learn @a.du library Tu Python lun1311 Cosine similarity tiiog319 Cosine
U | similarity matrix

e cosine_sim = 1-pairwise_distances(M, metric="cosine")
14 Scikit-learn a8 library Tu Python Tun1311 Pearson correlation similarity i
@314 Pearson correlation similarity matrix
e pearson_sim = 1-pairwise_distances(M, metric="correlation")
4 Scikit-learn 9.8 library T Python luﬂﬂil,%uﬁqﬁ%uﬁm%’um;ﬂ%ﬁﬂéﬁmﬁqﬁ’u
o findksimilarusers(user id, ratings, metric = metric, k=k)
4 Scikit-learn 918w library Tu Python lunisideuileridudmsumanasuuu maﬂ;ﬁ%ﬁ
ARNBARINY
e predict userbased(user id, item id, ratings, metric = metric, k=k)
4 Scikit-learn 98w library Tu Python lunisifeuilsridudmsunimlanuiindrendsiu
e findksimilaritems(item id, ratings, metric=metric, k=k)
4 Scikit-learn 308w library Tu Python lunsdeuiiidudmsumanazuuy vesinte
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e predict itembased(user id, item id, ratings, metric = metric, k=k)
14 Scikit-learn 918w library Tu Python lunisifeuilsridunisAiuin Adjusted cosine
similarity matrix g1m5u3Alainy
e computeAdjCosSim(M)
14 Scikit-learn 308w library Tu Python lunsleuildduwuumnedia Adjusted cosine
similarity dwsumaazuuY TediRlawnuindendaiy
e predict_userbased(user id, item_id, ratings, metric = metric, k=k)
14 Scikit-learn 308w library Tu Python lunisiuneapzuuulszanalummsng
e prediction = predict_userbased(user id, item_id, ratings, metric)
e prediction = predict_itembased(user id, item id, ratings)
e prediction = predict _itembased adjcos(user id,item_id,ratings)
14 Scikit-learn Fadu library Tu Python Tun1seusasman Root mean square error
e MSE = round(mean_squared_error(predicted rating, actual_rating),3)

e RMSE = round(sart(MSE),3)

Module | Seaborn

n13 1% Seaborn Tun138319 Heatmap d@vsunaennsinaesdfliolaning

U e sns.heatmap(cosine_sim, linewidth=0.5, cap="Blues")

Module | Matplotlib

n13 1% Matplotlib Tun1sAnamuadinmans Lazwasnns wdedifnann array Sasudin
e | wadildeenudugnm

e plt.show()




