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Abstract  As a very important topic in the field of service computing, service recommendation
has been paid much attention by researchers. To improve the service recommendation quality and
ensure user’ s experience of services, various methods have been proposed successively. However,
most existing methods mainly focus on how to improve the accuracy of recommendation models by
introducing richer information or advanced modeling techniques, and there is a general lack of
discussion on users’ trustworthiness from the data quality point of view. In practice, untrusted
users are common for a variety of reasons, such as fake comments. Data generated by untrusted
users is often misleading and unhelpful for recommendations. Therefore, it is very necessary to
eliminate noise from untrusted users before service recommendation; otherwise, the quality of
recommendations will always be affected regardless of how the model is optimized. To achieve
this, we identify untrusted users based on their abnormal labeling behavior compared to the public
and attempt to filter out these outliers before service recommendation, from the perspective of a
two-stage ISODATA (Iterative Self-Organizing Data Analysis Technique Algorithm) clustering,
and then propose a novel approach to service recommendation based on the resulting trusted users,

named as Truser. Compared with the conventional K-means clustering algorithm, ISODATA is
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more flexible and increases the operation of “merging” and “splitting” to adjust the clustering
number. In other words, the clustering center K value of ISODATA can be adjusted dynamically
according to the actual situation. In this paper, we first perform ISODATA clustering for the
concerned users of each service to label its candidate untrusted users. Then we get the number of
times each user is marked as candidate untrusted, and the number of times any two users are clustered
into the same group. According to the information obtained above, we further utilize ISODATA
to cluster users, so as to filter out untrusted users eventually. Finally, we return Top-£ similar
users for the target user in the set of trusted users, and implement service recommendation based
on the selection of similar trusted users. To verify the feasibility of our approach, an empirical
study is conducted on two public datasets: Last. FM and Delicious. We compare the proposed
method with other state-of-the-art recommendation methods with the general performance
metric: Root Mean Square Error (RMSE). Experimental results show that, compared with the
existing methods, the accuracies of recommendation of our approach achieved on the two datasets
are improved by 16.1% and 4.5%, respectively. By learning the parameters of the proposed
algorithm, we find that the recommendation result is the best when the expected clusters £ is set
to six during the first-stage clustering. Meanwhile, the experimental results also suggest that it
is most suitable for the target user to return the Top-5 most similar trusted users, and to
recommend services followed by at least 70% of those similar users. In general, the results

roughly coincide with the practice. Therefore, it is reasonable to conclude that the quality of
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service recommendations can be improved by filtering out untrusted users.
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FEPR LR AR
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() Bip [R] Aok A 7E T . O R R AR AR R T
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Pl BL ) ISODATA R 2 2, Hd 28 Z i By
ISODATA R Ko, [ 3,100 5 — Br B2
SR Ko A2 s 25 0] 8 5 1 HLAS 6] (0 B 2 06 B
AE P4 RU M A 2. FEiE B, S8 Ko 1
K REN G HBEST 2, REDHASTH
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R S5 T D A T R L - X R A R
SR B . 2 R R o R B AE 2. 5000, 45
TEG A EEE F2R 5 R R B . Rt AR ik 5
WRATWE r=2.50, IR0 H AR H R [0l
Top-5 /™A L AT {5 F 2 F1 e ME R B H 0=0.5,
Nuiw =1.6m =0. 01, &% Koy A 1 39 FE 10 Bf Y
HefE 45 .

WME 5 P, Ko =1 B RMSE Sk b e E
K ISODATA SBE KA AR5 LR P RE
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tion of reputation or trustworthiness of user is challenging
and not practical.

Unlike those previous studies that defined specific metrics
for untrusted users, in this study, we attempt to filter out
outliers, viewed as untrusted users because of their uncommon
behavior compared to the public, from the perspective of
clustering, and then propose a novel approach based on trus-
ted users to recommend personalized services to users using a
two-stage ISODATA

results indicate that the proposed approach outperforms the

clustering algorithm. Experimental
other four baselines.
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