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A Comprehensive Performance Evaluation in
Collaborative Filtering
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Abstract

In e-commerce systems that deal with a large number of items, the function of personalized
recommendation is essential. Collaborative filtering that is a successful recommendation algorithm,
suffers from  the sparsity, cold-start, and scalability restrictions. Additionally, this work raises a
new flaw of the algorithm, inconsistent performance of recommendation. This is also not
measurable by the current MAE-based evaluation that does not consider the deviation of prediction

error, and furthermore is performed independently of precision and recall measurement. To
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evaluate the collaborative filtering comprehensively, this

work proposes an extended evaluation

model that includes the current criteria such as MAE, Precision, Recall, deviation, and applies it

to cluster-based combined collaborative filtering.
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Collaborative Filtering, Performance Evaluation,
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Fig. 1. Low MAE ratio by Algorithm
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3 2= Al'RXF°| HE-IAE1 oI-E.I-Ol _._EE| _§_ 7_|L %HﬁEﬂHI
&5t ARBAIES HIRtE "osiod ME22 Z2{AF9

%’é!’é.‘% H Akl

2t ARBXIRE M2 Z2{AE FMIe| H2lE

z|ct Hz|e| E2{AEo| MEESTIC

Al Lksto]

5. 2% ARy} WS ARl STt AR Y9 of
Uolel Seiasfale Z2stn 1Al gop o nEe
B o= sich

T2 2. K-mean S{2E=
Fig. 2 K-mean Clustering
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Combined_algorithm ()
{

oo o
12 £

Initialize Final_list
For i <= number of CF algorithms do:
While there is an item(j) to check in input_list()
If item(j) is found in Final_list:

Calculate the average of preference scores
of them

Assign the average as a new preference of
the item

Else if item(j) is not in Final_list

Append item() into Finallist with its
preference

Endwhile
Endfor
Sort Final_list in descending order of item preference value

T2 3 2]AE Y w4l
Fig. 3 List Merge Algorithm
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Huy NYE v, ool 3% A 14L weth

2 5)9} (6} CFEEEY 7 FE=E wrs] ¢
&t A S0tk Precisione F3HE ool 5 € 7i7F 2do]
A2 FolFH AAAE YERE BlEo]H, Recall 117
o] Eolsh= ololdll & drh} WL ojolylo] FHHJEA=

YEhfl= BlE-tH10l.

|{preferred items}| n |{predicted items}|
|{predicted items}| 5)

Precision =

|{preferred items}| n |{predicted items}|
|{preferred items}| (6)

Recall =

2 (DY Fmeasure= FEs}l AHLS EFHo=
7kehs 7ol tH20]

2 + Precision - Recall

Fmeam‘r'e ==

Precision + Recall (7)

Precision® Recall®] ¥xE Wk43}2}F F-measuredl] ™)
M E RSE 243t} CFLeZe] 33 A% MAEZ
£ w#8}ar, RS, Precision, Recall, F-measuredl] 212+ 81|
sl & 4= Stk o]& A2lshd, ko] ARl diste] N
N daelEs 443198 4F MPRAS 282 A Hr
o F-measure®t MAEZRS] HAE BEA3L] 918k Aol

a - F_measure ' RSg eqsure

MPR,; = AE
RSyae
a - F_measure - RSp yeasure " RSmar
B MAE ®
where
MAE
MEAN
(RSMAE)

a =
MEAN (F_measure * RSy measure)

AL

2 Al 5tz

- 2 OO0

97} A¥sEe #33 2ow Movielens HoJE]
AolA F28 FRAREAN AY da2lEe A48l da
21282 27} MAE, RS, Precision, Recall& =33}

F-measure, MPRAE A4kt

oX

3 4 ool X 25524

Table 3. Experimental dataset and measurement
Category Description
Train Cataset 800,168 ratings (80%)
Test dataset 200041 ratings (20%)
£l CF CF, UG, IC
=g CF UCHC, CFIC
Measured data MAE, RS, Precision, Recall, F-measure, MPRd

18 4= MAE 23 232 37 &9 37 MAEdA
CF+IC06776)7} 71 ke 9318 HoFglon 1 teo
2 UCHCO67)¢ 101068260130t B8 CFe HiF
MAE0.6779)7} © CF(0.7009) Xt} T A Vehtch

MAE

140%

120%

100%

80%
60%

- 40%
- 20%

= 0%

CF uc IC Uc+IC CF+IC

= MEAN —8—RS

T8 4, MAES| B} R2iES
Fig. 4. MEAN and RS of MAE
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At B3t CF €uEl59 ¥ RSe 121%= 94 CF ¢
FFET 21%E PR AeE IIFHJYY Fe 5%
F-measure Z37E02, UC0.1496), UCHC0.1488)sc0 2 =
ko m F-measure®y R A4 UCHCT} 118%= 71 =T

F-measure

0.150 140%
- 120%
- 100%
- 80%

0.150

0.149

0.149

- 60%
- 40%
- 20%
- 0%

0.148

0.148

0.147

CF uc IC

uc+c CF+C
s MEAN =—@=—RS

2! 5. F-measure?| Erint BZIES
Fig. 5. MEAN and RS of F-measure
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Fig. 6. MPRd
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E 4 i OFe} Ssicre| Myt

Table 4. Performance comparison  between singe  CF  and
combined CF
Elel CF (S) =3 CF () Improvement
[
Caledo | (k" e, 10) | (UGHE, CFHO) (5% 100)
MAE 0.7009 0.6779 +3.3%
RS(MAE) 82% 127% +54.1%
MPRy 0.7968 1.4196 +78.1%
V. 48 4 &F A7
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