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Multi-view webpage classification dataset construction and evaluation
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(1. School of Electronic Information and Electrical Engineering, Shanghai Jiao Tong University, Shanghai , 200240, China;
2. Institute of Geographic Sciences and Natural Resources Research, Chinese Academy of Sciences, Beijing, 100101, China)

Abstract: Webpage classification is an important task in Internet data mining, playing a crucial role in information retrieval,
recommendation systems, and knowledge discovery, etc. However, existing public webpage datasets suffer from limitations
such as scarcity, single sources and insuffcient information, which hinder the development of webpage classification
techniques. To address these issues, we propose a publicly available dataset for webpage classification called Web-Minds,
incorporating multi-view features by designing a three-step process of "collection-processing -annotation". Specifically, the
relevant webpage data are collected and integrated from the open Internet. Then, a webpage parsing tool is employed to
extract and clean multi-view information from the collected data, including text, structure, keywords, etc. We design a large
language model and a "human -in-the -loop" annotation strategy to assign two types of labels, namely webpage type and
webpage topic. Furthermore, we establish an algorithmic evaluation benchmark based on the Web-Minds dataset, containing
such methods as machine learning, text classification, and webpage classification. The results demonstrate that compared to
using single - view features alone, the comprehensive utilization of multi - view features significantly improves algorithm
accuracy , with an increase of 5.49% and 5.61% in webpage type and topic classification tasks, respectively.
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Table 3 Performance of webpage classification by dif-

ferent benchmark algorithms on our Web-Minds

I5 ik Acc Pre R Fl-score
LR 65.26%  70.44%  70.52% 0.7048
SVM 68.31%  72.42%  75.04% 0.7371
BERT 76.65%  82.18%  86.53% 0. 8430
RoBERTa  76.56%  81.89%  86.12% 0. 8395
XLNet 75.08%  82.03%  85.89% 0.8392
RiSER 70.33%  76.54%  79.21% 0.7785
DC-F 70.29%  79.34%  83.27% 0.8126
SMGCN  78.04%  83.11%  87.76% 0.8537
Fusion 82.14% 84.89% 90.75% 0.8772

W U2 A 43 2 v, 25 R 22 W0 AR RRAE 1 O
20 A T U S A R AE Y kL TE R T
BT DOM 25 ¥4 FAF (1 T2 . ) 00 SCA Y RE & 3k
PO L PN 25 1 #8431 AR L J0 VR R A 220 T L
i JR FRAE X 7E — R L PR T o Rk
3.3.2 MTEBMHE A XTI B RAT 55
oK 3 22 ol 35 o A0k B P BB L ST IR 4 R N 5% 4 B
N T A2 A AL, Fusion T 45 &



o534

x4 SFMEEBELRAEAR Web-Minds £ F 51 £ & 5
EqE3-H
Table 4 Performance of webpage topic classification by

different benchmark algorithms on our Web-Minds

J5 i Acc Micro-R Micro-F1
LR 48.37% 58.25% 0.5633
SVM 51.35% 60.42% 0.6267
BERT 68.75% 76.35% 0.8430
RoBERTa 69.59% 77.21% 0. 7690
XLNet 68.03% 75.88% 0.7478
RISER 62.87% 69.47% 0. 7064
DC-F 65.74% 73.27% 0.7265
SMGCN 70.12% 77.76% 0.7709
Fusion 74.36% 81.79% 0.8021
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Table 5 Classification accuracy of different topics with

category imbalance by Fusion model

25 TOREE BEAERL R AL
Hb 52 78.36% 82.24% 84.17%
H Bk B 2 77.35% 81.92% 83.67%
b Ff 68.71% 74.35% 78.17%
b 5T i A 68.95% 74.21% 77.70%
-3 75.56% 79.26% 82.90%
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Fig.9 Accuracy of webpage classification with domain
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