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Personalized recommendation system based on matrix
factorization and XGBoost algorithm
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Abstract: In order to solve the data sparsity problem and improve the recommendation accuracy, we
proposed a new matrix factorization XGBoost (MFXGB) recommendation algorithm which combined the
matrix factorization method and the XGBoost (Extreme Gradient Boosting) algorithm. SVD—+ + algorithm
(SVD, singular value decomposition) was used to fill the user-item score matrix to lessen the influence on
the accuracy of the algorithm due to too many missing values and XGBoost was used to build a supervised
learning model to predict the user’s score. To reduce the computation time, feature extration based on the
K-means clustering method was proposed to train XGBoot. The proposed MFXGB algorithm was applied to
MovielLens dataset for experimental analysis and the results show that the recommendation accuracy was
improved by 8.91%,10.18% and 11.79% respectively, compared with the three traditional algorithms.
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Fig. 1 The flowcharts of the MFXGB algorithm
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SEHS SR ] Minnesota K% GroupLens #f 58 /N 42 {1 () MovieLens 5% 45 %44l 4 (http: // grouplens.org/
datasets/movielens/) , et (0 45 2 414 [a) MR A9 B8k 46, in sk 1 piro . Bdi 4 50 seas AW TP 1D |
ID PESHE IE 5] b AN P 20X 15 B M2 AT 20, PR Ja B2 1~5 Y IE B 5, (8 8 = 32 om H
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% 1 MovieLens ¥#8 &£ # ik
Table 1 Data description of the MovieLens datasets

Bl 5 JEEDRE i i H %k P45 R/ %
MovielLens_100k 943 1682 100 000 93.70
Moviel.ens_1M 6 040 3 883 1 000 209 95.74
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1 PE O 5 R R AL AR S TEHLE AR B4R R DL 0 S T R R Y A4 BR L KA I ) B R LA KR D 0 2631
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B I3 ] 3 308 4 7 B 1 (User-CF) #E4T H AL, USRIE MEXGB B i 8k . BURIEE N 60,78 MFXGB 8 4%
FHK, =K, =60, THIE4E MovieLens_100k 813 2 iy S2 5 45 5, & 2 Fiow .

AT LLE H MEXGB #7532 1) RMSE f1 MAE B 8 /N F1& G2 09 i 18] 2 8 i 72 580 0% 00 B O fif B0k .
S50 AN FEAT R H MFXGB A5 81 A 7000 %5 i b . RMSE e SVD+ + 83T T 26.61% . b Ttem-CF
Ml User-CF B3E 7 B4R TH T 27.64 %0 28.93 %, MAE Mt F SVD+ + 57k  Ttem-CF Ml User-CF 5343 51
BT T 28.93%.30.08% F1 31.51%, MEEKBMK, =K, =60 i}, MFXGB & %1 RMSE H SVD+ + ., fll
Item-CF 1 User-CF 230 T T 8.91%.10.18% F1 11.79% . MAE 43 %42 FF T 8.79%.10.26 % #i
12.10% HEFFRE R BE WA W 48 = . (EJ2 , AT R IEH MFXGB 8k 158 A dE 5 & . 8 09 58 i e) 2
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Fig. 2 RMSE and MAE comparison of MFXGB algorithm, SVD+ + algorithm, Item-based CF
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o5k LM LT MovieLens_100k BB 4.
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MFXGB 533 iy 0 15 22 F1 7530 B 8] 225 ) A e 1, an 18] 4 Pir s . np D i 3R 2 400 (9 3484 Jn 337 9 RMISE i
MAE ¥ 5 F B a3 SR AT RSSO, 500k OboRg B2 W1 b $2 7 B 3 S [R] A 5w o PRI L A8 S B i T s
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Fig. 4 RMSE and MAE and computation time comparison
of different clustering numbers in the MFXGB algorithm
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3R P A0 H ) Ji At 4 AiF X6 A5 FR (1) 52 )

MFXGB #7280 55 — KA 5 R 7 T 5T XGBoost 83 B Wi B A AL, 78 BB 285 72 A 59 JH 7 Fn I
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Fig. 5 RMSE and MAE comparison between the
MFXGB algorithm and the XGBoost algorithm

094 r
092

0.90 |
0.88 |

0.86

084 |

082
0.80 |
078
076
074 |
072
070 _
0.68 | t‘“‘*“
0.66 |
064 |
062 |
0.60 . L . . . '

IS

BEH

—— MFXGB (JNA%HE) RMSE — -@— MFXGB (JIA%FE) MAE
—8—MFXGB ( RIA4HME) RMSE — - — MFXGB ( ARHIA4HAE ) MAE

6 I\ EFHHFER MFXGB 28 5 7 fin \ E il 5 E B MFXGB £ 24 i 5T il iR 2 B 3 tb
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item’s attributes and the MFXGB algorithm without user and item’s attributes

2.3.3 WHELRET
i ) MEXGB 553 I 25 0 4 7 o 50 00 P i 4 6 9 %, %6 2 JB R T 2 A PYi8) Toplo #E 4%
5%,



86 TR K FFHK % 14 K

®2 ETMFXGBEBFELEFEMAR 102 WHEFIIE
Table 2 The recommendation lists generated by the MFXGB algorithm for users 1 and 2

W HE4 user_id=1 H Py user_id=2 H AP
Topl When We Were Kings (1996) NA Fargo (1996) 5
Top2 Wallace & Gromit: The Best of Aardman Animation NA The Godfather (1972) 5
Top3 Maya Lin: A Strong Clear Vision (1994) 5 Schindlers List (1993) NA
Top4 Star Wars (1977) 5 Star Wars (1977) 5
Top5 Waiting for Guffman (1996) NA High Noon (1952) NA
Topb The Princess Bride (1987) 5 Raiders of the Lost Ark (1981) NA
Top7 Delicatessen (1991) 5 Casablanca (1942) NA
Top8 My Man Godfrey (1936) NA Shall We Dance? (1996) 5
Top9 The Empire Strikes Back (1980) 5 Lawrence of Arabia (1962) NA
Topl0 Raiders of the Lost Ark (1981) 5 The Silence of the Lambs (1991) NA

TE 3R 2 i NA RRFEH P Xz AL R iIP .

LU 1 4], 78 Toplo BYHEFESI R . A 6 BRLEZEA T 1/ 5 3% RIZN P AE W #ZX 6
R . BB R HBk e T U o HE 44 AT 10 B9 H RS BEAT MRS L T S8 S A AR I 4 R 2R AE 4.5 7L L
TR i 4E MovieLens_100k, 75 Bt A JH 71 7% 42 1) Topl0 #EX2 5 K, P WA O 5 23 B L B2 B o
MFXGB Bk HEAZ B9 10 SRR A X Lo 28.57 % . BEH] MEXGB 534X P 340 0 5 23 14 /L 52 1 HE 75
K58 7% (precision) Ik F 28.57% . HIEFIA&AHI ¥R 5 70 i B2 B0 W] BE & A AR TR 4 X X — 15 00, TH 5
Topl0 #EF 5 F X F 1 PF R 5 43 2 A A 1R, B Topl0 41 3 Hh T 4 75 19 B 52 b 1 P LS PE 0 R 5 4 i
RS, BE T HEE MovieLens_100k, TH8 432 P 3FA0 0 5 70 B A B0 19,1800, BRILZ A,
£ Topl0 £ F v HERE 25 R B R PR3 s 29800 6,63, % W] MFXGB 5k REHERE R 29 6 FREG HI R
A i {H AT RS R Y FL S AT LA R R AT R AR

3 & i

Wit 98 4% 5 SRS 1) DR I N o A 0 A Bk A2 BT v JEE R L B -0 A B O L HE R ROCR AN
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