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02 Related Research

A Opinion Mining
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02 Related Research

A Collaborative Filtering

i B (Collaborative Filtering) v

J

oo o st woaY e "

(4

f L3 6’Tl-|| 7> N
€ 0y 67T+ pu

PIHg YE ~“,O0ykatmw ' g wi x "5 30 g 61

Product 1 Product 2 Product 3

» © O

.. .
-
ﬁ"i"
- ..
=
L]

Product 4

{[) A Product

@ @ nmy
7\ R A Neighbor



02 Related Research

A Combination of opinion mining and Collaborative Filtering
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03 Proposed Recommendation System

A Proposed recommendation system process

Opinion Mining Applied Data

I

E Text= (T4, Ty,..,Ty) Text Score = (TS4,TS,,...TSy) E

| |

I I

| Purchase Opinion Text i

| Review Mining Score :

1 I

] I

| |

: I

i Opinion Mining Non-Applied Data i > Apply
T e B R

Pl i

! o

R N

o User Product Evaluation D]

! i Evaluation Score i i

P 1o

P! 1o

i i Score = (54,52,....8y) i E Product
i_ e _i Recommendation




03 Proposed Recommendation System

A Proposed recommendation system model
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A Data set
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D Product ID User ID Score Purchase review
I B006K2ZZ7K AIUQRSC 5 Great taffy at a great price. There was a wide assortment of yummy
LFBGWIT taffy. Delivery was very quick. If your a taffy lover, this is a deal.
2 B0064KO0BU A34D6IR I Besides being smaller than runts, they look the same and have the same
QILOKI] consistency. Unfortunately, they taste nothing like banana runts ... nor
do they even taste good. Yucky stuff. Trying to return with vendor.
3 B0O04K2IHUO A3DITXE 4 Arrived slightly thawed. My parents wouldn't accept it. However, the
98KRKYO company was very helpful and issued a full refund.
4 BOOOUUIYHQ AWIRBTQZ 3 | was a little disappointed with the taste (or lack thereof) of these
GSVV9 cookies. They are low in sugar and taste like. If you want a healthy
alternative and don’t mind sacrificing some taste, then this isn't a bad
option.
5 B002Y2QSLC A2YOOLIN 2 This coffee is a disappointment. The taste goes nowhere ... no full body
2C8Fé66 and aroma. So much for the private reserve alluring trap, really!
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A Opinion mining
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Type of words

Word example

Positive words

Negative words

Accommodative, adaptive, advanced, blossom, confidence, congratulate, encouragingly, endear,
endearing, endorse, endorsed, energetic, energise, pleasant, pleasantly, pleased, pleases, pleasing,
pleasingly, pleasurable, pleasurably, pleasure, plentiful, slick, smart, smarter, smartest, trivially,
trophy, ...

Abominably, abominate, abomination, abort, aborted, aborts, abrade, abrasive, abrupt, abruptly,
blind, blunder, bondage, brashness, detestably, detested, detesting, detracted, disaster, disbelieve,

grievous, grievously, grim, grimace, grind, gripe, infiltrator, infiltrators, infirm, inordinate, revolting,
unwell, ...




04 Experimental Evaluation

A User-Based Collaborative Filtering
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A User-Based Collaborative Filtering
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05 Result and Discussion

A Opinion Mining
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A Opinion Mining

1D Product ID User ID Score Text_Score Purchase Review
I BOOISATUSE AICRIDS 4 5 Makes a tasty, super easy meal, fast. BUT high in
I5Z7X01 calories. The instructions say to saute the veggies

first but | recommend cooking the chicken first. The
chicken takes longer to cook and the raw chicken
on top of veggies just.

2 BOOIEPPI84 A27TZ4W | — 1 No tea flavour at all. Just whole brunch of artificial
BU7NOYF flavours. It is not returnable. | wasted 20 + bucks.

3 B004K2IHUO AIZKFQL 3 2 Not what | was expecting in terms of the company’s
HFZAEHS reputation for excellent home delivery products.

4 BOO93NIWVO AlJTI 14 5 2 Fresh, a great way to get a little chocolate in my life
SOITFFO without a million calories. They taste just like

chocolate pudding.
5 BOO|EPPI84 A3Q0IDQ 2 0 It is okay. | would not go out of my way to buy it

0350158 again.
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A User-Based Collaborative Filtering
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A User-Based Collaborative Filtering (OMNAD)

10a4 =0 Y Ay 4 bwo LY 10 8. Oy

OMNAD_Amazon (Recall & Precision) OMNAD_Amazon (TPR & FPR)

0.09

0.08

0.07

0.03

0.02
0.01 0.02 0.03 0.04 0.05 0.06 0.00E+00 5.00E-05 1.00E-04 1.50E-04 2.00E-04 2.50E-04 3.00E-04
Recall FPR

—-CF c10 -#-CFc20 -» CFc30 =-e CF cA0 -a-CFc50 -~CF_c60 ~—(CF c10 -#-CFc20 -w CF c30 - CF_cd0 & CF_c50 -w—CF_c60



05 Result and Discussion

A User-Based Collaborative Filtering (OMNAD)

10a4 =0 Y Ay 4 bwo LY 10 8. Oy

~

Number_of tern

Precision 0.0732 0.0385 0.0265
Recall 0.0368 0.0488 0.0543
TPR 0.0368 0.0488 0.0543

FPR 0.0000460 0.0001434 0.0002420
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A User-Based Collaborative Filtering (OMAD)
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A User-Based Collaborative Filtering (OMAD)

10a4 =0 Y Ay 4 bwo LY 10 8. Oy

~

Number_of tern

Precision 0.0662 0.0365 0.0242
Recall 0.0328 0.0469 0.0502
TPR 0.0328 0.0469 0.0502

FPR 0.0000458 0.0001419 0.0002395
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A User-Based Collaborative Filtering (AS_OMAD)
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A User-Based Collaborative Filtering (AS_OMAD)
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~

Number_of tern

Precision 0.1165 0.0635 0.0459
Recall 0.0516 0.0702 0.0803
TPR 0.0516 0.0702 0.0803

FPR 0.0000423 0.0001347 0.0002288
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A User-Based Collaborative Filtering (CS_OMAD)
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A User-Based Collaborative Filtering (CS_OMAD)
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~

Number_of tern

Precision 0.1048 0.0588 0.0408
Recall 0.0598 0.0834 0.0923
TPR 0.0598 0.0834 0.0923

FPR 0.000388 0.0001225 0.0002081
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A User-Based Collaborative Filtering (NS_OMAD)
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A User-Based Collaborative Filtering (NS_OMAD)
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~

Number_of tem

Precision 0.4601 0.2289 0.1451
Recall 0.1529 0.1906 0.1955
TPR 0.1529 0.1906 0.1955

FPR 0.0000174 0.0000744 0.0001375
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A User-Based Collaborative Filtering (NAS_OMAD)
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A User-Based Collaborative Filtering (NAS_OMAD)
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~

Number_of tern

Precision 0.5093 0.2383 0.1503
Recall 0.2039 0.2500 0.2572
TPR 0.2039 0.2500 0.2572

FPR 0.0000203 0.0000948 0.0001763



05 Result and Discussion

A User-Based Collaborative Filtering



