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3 School of Accounting,Nanjing Audit University, Nanjing 211815, China

Abstract While recommendation models based on matrix factorization can handle high-dimensional rating data,they are prone to
challenges posed by data sparsity in ratings. Recommendation models that incorporate both ratings and reviews alleviate the spar-
sity issue by incorporating latent user preferences and item attribute information embedded in reviews. However. these models of-
ten neglect the review timeliness and the trusted neighbor influence during feature extraction, resulting in limited acquisition of
comprehensive user and item characteristics. In order to enhance accuracy further,a novel recommendation model named RM-RT*
NI is proposed,which integrates the review timeliness and the trusted neighbor influence. Built upon the rating matrix, this model
employs matrix factorization to extract shallow features representing user preferences and item attributes. It employs cloud mo-
deling,a refined user similarity assessment model, and a newly constructed credibility assessment model to capture the trusted
neighbor influence. Leveraging the textual content of reviews, BERT is utilized to obtain latent representations of individual re-
views. Bi-directional GRU is employed to capture inter-review relationships, while an attention mechanism incorporating timeli-
ness is introduced to evaluate the timeliness contribution of each review.thus deriving deep features for users and items. Subse-
quently,the shallow and deep user features,along with the credibility-enhanced neighboring influence features,are fused to form
comprehensive user representations. Similarly.shallow and deep item features are merged with this fused representation to gene-
rate comprehensive item representations. These representations are then fed into a fully connected neural network to predict user-
item ratings. Experimental evaluation is conducted on five publicly available datasets. The results demonstrate that,in comparison
to seven baseline models, RM-RT? NI exhibits superior rating prediction accuracy, yielding an average RMSE reduction of

3.0657%.
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OP 4905 2420 53258 99.55
MI 1429 900 10261 99. 20
SO 35598 18357 296 337 99.95

Beauty 22363 12101 198502 99.93

FIHNW T ARG ERITIRE RS, Kb, UR-

AVG Sy 85 P i 293738 50 FR-AVG b 45 18 91 6 19
AL B U-W-AVG Oy JiT P 3T 4 057 4 3 40 W
AVG g 40 5 42 19 - 2 S A, A b L T R
BEONFHE.

#3 RIERGTICR A ST

Table 3 Dataset review information statistics

B & U-R-AVG  T-R-AVG  U-W-AVG  T-W-AVG

Clothing 5 9 187.01 262.10
OpP 8 17 329.43 380. 25
MI 5 9 244.97 338.37
SO 6 12 256. 68 347.09

Beauty 7 13 252.32 328.03

S S PR AR PRI S BT M R Y — Btk BE RIS
N 0.85, LI 4R A CPU(ES-1230V3,2. 40 GHz)
17 (32G), GPU (RTX3090 24GB); IF & 2% 3 HE 28 % il Py-
Torchl. 9. 0; S 21 5 K H python 3. 9.7, YIZk4E 50 IIF 5 An
DAL R0 4 LB 8211, AL REIT Al 46 A5 1 FH ¥ 5 AR
2% (RMSE) ,

HE—2 R T OIETEAR 2 -1 . 7 LR AL S ik
S BRT R G SOk I 8 GO A R R A O

(LXFF LFM,SVD+ + #l Time-SVD+ +, #{ [ 8,16,
32,64 ] R AERH F£0w, [0, 0001,0.001,0.01,0. 1,
L. 0Jr 38 & fe A 0E Ak R AL

(2) % T DeepCoNN, NARRE, DeepCLFM, RTRM i
RM-RT? NI, 7£ id] ] 7 1k . & DeepCoNN Fl NARRE 3t f
300 4 Glove il Yl ZR#E K1, & DeepCLFM, RTRM Fil RM-
RT?NI % ] Sentence-BERT ] [a] & #& %1 ; [7] I, ¥ Deep-
CoNN Fl NARRE & B K/ &N 3. 180 & i 100;
DeepCLFM,RTRM #1 RM-RT? NI # GRU [ j# 8 50 50 ik &
29 2003 RTRM 1 RM-RT? NI {4 ¥ 4B i 7 #0i% B o0 40, %%
RM-RT*NI # 0] {5 4B 50 1R i &y 10,

4.3 EHTMBEEI L

F AT RM-RT? NI R 5 7 Fif 56 28 455 74 (14 4T 43 101
TS B X b, T LU

(D 7E LFM, SVD+ +, Time-SVD+ + 3% 3 4~ 3 T3 2
Bl AR, Time-SVD 4 B A f i B IE 20 FONRS B . 3%
F W], 7E R AE 38 LAY 25 T8 205 8 B 08 1 5 D1 43 T A B

()L I T A DeepCoNN # B 76 Pk i [ 4 T 3% F1F
A1 LFM, SVD+ +, Time-SVD+ + #81 , 3X F B, A& T
W R PR AT RRE A EZH P W RRIEFEE.

(3)NARRE, DeepCLFM, RTRM #l RM-RT? NI i% 4 4>
T 514 MR EMERE LT LFM,.SVD++, Time-
SVD+ + F1 DeepCoNN, X 3% W], 55 5.2 p % 18 0l PF 43 o 2
WU AEAH b, BlA TF8 S5 740 W LURIREIE £ F M - .Y
ml RHALE

(ORTRM 7£ 4 8 I £ T NARRE M DeepCLFM, X 3%
Y AE REAE £ T il 5 3T 40 5 i g AT L 4R A TR 1 R AIE 3R R
BOR

(5)RM-RT*NI #8 7 A~ FE LB M AE PR g P ¥ F T
3.0657% , X UILEFRAE 3 B B2 L Rl G P8 B AR AT (E
AT 5 ) B A% oA TR Y R A B BURCR
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Table 4 Comparison of rating prediction accuracy

A A Clothing OP MI SO Beauty RMSE ## RM-RT2NI##/%
LFM 1.1404 0.8833 0.9845 1.0080 1.1557 1.0344 7.4820
SVD+ + 1.1064 0.8667 0.9432 0.9705 1.1256 1.0025 4.2920
Time-SVD+ + 1.0959 0.8582 0.9352 0.9662 1.1220 0.9955 3.5940
DeepCoNN 1.0798 0.8525 0.9309 0.9546 1.1118 0.9859 2.6360
NARRE 1.0702 0.8471 0.9148 0.9478 1.0964 0.9753 1.5700
DeepCLFM 1.0672 0.8410 0.8991 0.9486 1.0965 0.9705 1.0920
RTRM 1.0631 0.8407 0.8920 0.9463 1.0954 0.9675 0.7940

RM-RT2NI 1.0569 0.8336 0.8697 0.9435 1.0941 0.9596 3.0657(Cavg. )
4.4 BB 4.5 HELEXI

AR 7E OP, MI Al SO B9 5 3iE 4 I U3 dropout Fb 3 | Fat
R F 50, L R AT {35 3 A8 806 RM-RT? NI P B 1 5% i 2 B

(1)dropout FL %, ¥ & dropout 3% J[0.1,0.3,0.5,
0.7,0.9, MWE 2 AT LLE H, RM-RT? NI iy ¥ GEBE dropout Lt
KA F A BT s X T OP BiF 4L & . [ 0. 5 Wi
RUMERE B s X F MI S UE4E , Ho 6o 0. 7 B 52 AU P 8 0 5
AT SO Bk 4E , [0 0.3 WL REfe 47
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oo { T
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Bl 2 dropout Hi 3%l 2 Gl 1Y 5%
Fig. 2 Effect of dropout ratio on model performance
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Fig. 3 Effect of hidden factor number on model performance
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Fig. 4 Effect of trusted neighbor number on model performance
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Fig.5 Effect on model performance before and after introducing

modules
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