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Abstract: Avoidance of topic drift and enabling crossing tunnels are two main difficulties in focused crawling. To overcome the
problem of topic drift, we design a comprehensive priority evaluation (CPE) method based on the web text, anchor text, and context
of hyperlinks, which improves the topic-relevance evaluation of unvisited hyperlinks. Subsequently, we propose an improved Bayesian
classifier with weights (BCW), which adds label weights to the feature words of the Bayesian classifier to enhance the accuracy
of webpage classification. To cross tunnels through which some topic-relevant webpages can be reached from low-relevance webpages,
we construct a content block segmentation (CBS) technology for webpages based on the backtracking method, which segments a
webpage into multiple blocks and then judges the relevance of every content block, extracting hyperlinks with high comprehensive
relevance. Finally, a BCW-based focused crawling strategy combining the CPE and CBS strategies (BCW_CC) is proposed and
experimentally evaluated for focused crawling in two domains: rainstorm disasters and sports. The results demonstrate the

effectiveness of the developed BCW_CC method.
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1 Introduction

Owing to its diversity, timeliness, and sharing abil-
ity, the Internet has become an important information
source. The 53" survey report of the China Internet Net-
work Information Center (2024) recorded 3.88 million
websites and 382 billion webpages in China as of De-
cember 2023. The number of webpages has increased
by 6.5% since December 2022. The number of web-
pages on the global Internet is even vaster and very
difficult to estimate. Faced with such huge resources,
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traditional search engines such as Google and Baidu
cannot always match users’ personalized needs to topic-
relevant webpages. Furthermore, some existing open-
source crawler tools, such as WebCollector, Crawler4;j,
Scrapy, and Nutch, are generally limited by low re-
call and accuracy (Yu J and Liu, 2015; Hosseinkhani
et al., 2021). Unlike general web crawlers, the focused
crawler (FC) (Deng, 2020; Xiong and Yang, 2025) can
filter webpages related to specific topics.

The FC comprehensively judges the topic rele-
vance of webpages by setting a threshold or classifier
based on various evaluation indicators of the webpages,
according to the needs of users. The FC, which usually
crawls the webpages of specific topics more accurately
than traditional crawler tools, is widely applied in in-
formation filtering, precise information retrieval, data
mining and analysis, and large models (for example,
data crawling of pre-trained corpora). The FC can also
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collect public opinions and observe the emotional ten-
dencies on specific topics on social media and news
websites, helping enterprises and governments under-
stand the public’s views on a certain topic. This paper
investigates the FC on two topics: rainstorm disasters
and sports events. Early warnings, preventive measures,
and emergency response information are essential for
reducing and avoiding losses caused by a rainstorm di-
saster and ensuring the safety of human life and prop-
erty. In sports, the FC can not only recommend im-
portant sports events related to the user’s interests but
also provide users with relevant comments at a deeper
level. However, the information in specific fields is
generally sparse and scattered throughout the vast In-
ternet, possessing big data characteristics that chal-
lenge the accuracy rate (AC) of information retrieval
by FC.

Most of the current FC methods are based on heu-
ristic strategies, semantic analysis, or machine learning.

1. Heuristic-based FCs are classifiable into web-
page content-based and hyperlink structure-based FC
methods. The main webpage content-based FC meth-
ods are the best-first search (Rawat and Patil, 2013),
fish-search (Kumar and Gupta, 2021), and shark-search
algorithms (Ding et al., 2022). However, these meth-
ods are insufficiently comprehensive and cannot cor-
relate webpages with topics. To resolve this problem,
Cheng et al. (2018) adopted a word-weighted vector
clustering method that arranges the contents of hyper-
links to be visited and improves the mechanism of scor-
ing adjacent hyperlinks. However, analysis strategies
based on webpage content cannot capture the impact
of hyperlink structure on relevance. The main hyper-
link structure-based FC methods include the PageRank
(Yuan et al., 2017; Yu LX et al., 2021) and hyperlink-
induced topic search (Yang B et al., 2014; Khan et al.,
2024) algorithms. Hyperlink structure-based FC meth-
ods focus on the structure but not the relevance of the
topic, increasing the risk of “topic drift” in crawling.
To solve these problems, Seyfi et al. (2016) proposed a
crawling method based on hyperlink and webpage con-
tent, in which a hierarchical structure called T-Graph
assigns an appropriate priority score to each unvisited
hyperlink for prioritization.

Although FCs based on heuristic strategies can
interpret webpage content and hyperlink structures,
they cannot easily handle dynamic and multi-topic
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webpages, which may be topic-irrelevant overall while
containing topic-relevant content blocks.

2. FCs based on semantic analysis usually adopt
context graphs (CGs) or ontology. CG-based strategies
have been extensively researched, culminating in rel-
evancy CG (Hsu and Wu, 2006), concept similarity CG
(Yang YK et al., 2008), concept CG (Guan and Luo,
2016), path-trust knowledge graphs (Du et al., 2017),
and knowledge graphs (Jia et al., 2021). However,
the performance of CG methods largely depends on
users’ query histories, and broad thematic relationships
are not captured. In contrast, domain ontology clari-
fies the conceptual semantic hierarchies and relation-
ships between concepts. The FC method of Liu JF et al.
(2022a) combines latent Dirichlet allocation for semi-
automatic domain ontology construction with the Apri-
ori algorithm for ontology learning. Liu JF et al. (2022b)
proposed a multi-objective optimization model based
on web text and link structures, designing a web space
evolution crawler framework. During sorting challenges,
their approach selects Pareto optimal hyperlinks and
creates a topic model leveraging domain ontology based
on formal concept analysis. The FC approach of Liu JF
et al. (2023) uses an improved tabu search algorithm
with domain ontology and host information, which re-
lies on a semantic disambiguation vector space model
(SDVSM) established by the term frequency—inverse
document frequency (TF-IDF) method. The SDVSM
approach integrates the semantic disambiguation graph
with the semantic VSM.

Although semantic analysis improves the accuracy
and deepens the semantic relevance of focused crawl-
ing, its accuracy may be constrained by the limitations
of semantic models, especially when dealing with poly-
semous, ambiguous, or domain-specific terminologies.

3. Machine learning approaches can enhance the
effectiveness of crawling. Saleh et al. (2017) intro-
duced a domain distiller that filters hyperlinks before
they enter the queue. The domain distiller combines
Naive Bayes with support vector machines (SVMs),
forming an optimized Naive Bayes classifier. Zhang
et al. (2021) proposed a public-opinion analysis method
based on a combined crawler and SVM. Given that web-
site administrators commonly group webpages with
similar themes and languages within the same direc-
tory (segment), Suebchua et al. (2016) improved the
accuracy of website-segment prediction with two
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predictors: one learned from the features extracted from
relevant source website segments, and the other learned
from features extracted from irrelevant source website
segments. Gao et al. (2023) proposed a reinforcement
learning-based method that detects diverse and dynamic
webpages using a feature selector and a session clas-
sifier. Dhanith et al. (2024) proposed weakly supervised
learning for FC based on the gated recurrent unit mech-
anism, which inputs topic vectors and crawls webpages
to generate meaningful semantic vectors. Ai and Yin
(2024) proposed a topic crawler that integrates the
Biterm topic model (BTM) and TextCNN model. They
regarded the content topic discrimination module as a
text classification problem. The text semantic informa-
tion was enhanced by fusing the text topic vectors ob-
tained from BTM with Word2Vec word vectors. The
convolutional neural network was used to improve the
accuracy of the discrimination module.

Most machine learning-based FCs share common
drawbacks. First, they treat the entire webpage as a
unified text in classification tasks, excluding the label
attributes carried by the webpage structure itself. Sec-
ond, during the crawling process, the complexity of
web content and the isolation of relevant information
usually prevent tunnel crossing, through which some
topic-relevant webpages can be reached from low-
relevance webpages. This limitation reduces the cov-
erage of FC.

Here, we propose an improved Bayesian classifier
with weights (BCW), which integrates a comprehen-
sive priority evaluation (CPE) method for unvisited
hyperlinks with a content block segmentation (CBS)-
based crossing tunnel technique. This crawler, called
BCW_CC, prevents topic drift caused by inaccurate
webpage classification (a common problem with sim-
ple classifiers). The CBS-based technique allows the
crawler to capture more topic-relevant webpages. Our
main contributions are:

1. We propose a modified BCW that adds label
weights to the feature words of the Bayesian classifier,
enhancing the accuracy of webpage classification.

2. We propose a CPE method that considers the
relevance of anchor text, hyperlink context, and the web-
page pointed by unvisited hyperlinks, thus improving
the topic-relevance evaluation of unvisited hyperlinks.

3. We design a CBS technique based on the back-
tracking approach, enabling tunnel crossing through
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which some topic-relevant webpages can be reached
from low-relevance webpages.

2 Priority hyperlink evaluation method

This section first constructs the topic weight vector
using the TF—IDF method (Wu et al., 2017). Based on
the VSM (Farag et al., 2018), the topic-relevance com-
putation methods of webpage, anchor text, and hy-
perlink context are then developed. Finally, the CPE
method that calculates the topical relevance of hy-
perlinks is developed.

2.1 Construction of topic weight vector

Before constructing the topic weight vector, the
training dataset was preprocessed through segmenta-
tion and data cleaning. Next, the weight of each fea-
ture word in the dataset was computed using the TF—
IDF method. Denoting the topic feature vector of the
dataset as T=[t,, t,, ..., ;, ...
vector as Vy =[o,,0,, ...

, t,] and the topic weight
O ---,a),”], where 7 is the
number of topic feature words, the weight w, of top-

ic feature word ¢, in the training set is computed as

/i N
— 1 — +0.01 1
:jn f Ogﬂ(Nt 00 )’ ()
m= 11y

where f, represents the TF of the feature word 7, and
tf, is the normalized TF of . The term idf, defines the

w, = tf,idf, =

IDF of 7. N and N, represent the number of texts in

the entire training set and the number of texts contain-
ing topic feature word ¢, in the training set, respec-
tively, and a>1.

2.2 Topic relevance of webpage text

In the HyperText Markup Language 4.0 stan-
dard developed by W3C, the content of a webpage is
typically composed of multiple elements and labels.
Topic feature words within different labels often ex-
ert varying impacts on the topic. Based on the litera-
ture (Liu JF et al., 2022b, 2023) and multiple experi-
mental trials, different weights are assigned to the la-
bels in webpage texts, as listed in Table 1.

A webpage text is mapped into a feature vector
DK=[dk,, dk,, ---, dk, ---, dk,]. When constructing
the topic feature weight vector of a webpage, we assume
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Table 1 Division of labels and their weights

Group Label Meaning Weight
Group 1 <title>, <description>, <keyword>, <h1> Title, description, keyword, first-level headline 2.0
Group 2 <h2>, <h3> Secondary-level headline, third-level headline 1.5
Group 3 <h4>, <h5>, <strong> Fourth-level headline, fifth-level headline, bold text 1.2
Group 4 <p>, <td>, <li> Body information 1.0
Group 5 Other labels Non-body information 0.2

that the weights of the same topic word can depend on
the label to which the topic word belongs. The fea-
ture weight vector of the webpage is denoted as Vp =
Wais Wa» -

of the i topic word on the webpage and is computed

L W, s Wy |, Wwhere wy, is the weight

as
=>7 tf, L, =>" S L 2
Wa, = 2, iy = 2024 maxf,/. Al (2)

where tf; ; and f; ; represent the normalized word fre-

quency and word frequency of the "

topic word in the
J™ group, respectively, max /f..;1s the maximum word fre-
quency of the i topic word among all groups, and L,
is the weight associated with the j™ label group. J rep-
resents the number of groups (J=5 in Table 1).

The relevance between a webpage and the given
topic is computed in terms of the VSM. To this end,
we compute the cosine similarity between V,, and V.,
thereby determining a topic relevance R(G) between the
feature vector DK of a webpage G and the topic feature
vector 7. The cosine similarity calculation is given by

VT : VDK
1V Vo |

n
Zi: 1@ W,
b
n 2 n 2
2i=1wf, \/2/': 1de,

where R(G) takes values in the range [0, 1]. When the
angle between vectors V, and V; is 0°, the two vec-

R(G)=sim(T,DK) =

3)

tors are maximally correlated. When the angle is 90°,
webpage G is considered irrelevant. In summary, the
webpage becomes increasingly more (less) relevant as
R(G) approaches 1 (0).

2.3 Topic relevance of anchor text and context

The anchor text of a hyperlink is a key indicator
of the topic relevance of the hyperlink. However, the

context of the hyperlink is more important than anchor
texts such as “next” or “click here,” which do not ef-
fectively represent the topic of the hyperlink. In this pa-
per, we obtain the feature weight vectors of the anchor
text using the TF—IDF method (similar to Eq. (1)).

After obtaining the feature weight vector of the
anchor text V,; and the feature weight vector of con-
text of the hyperlink ¥, via the TF-IDF method, the
topic relevance of the anchor text R(AL) and the topic
relevance of the context R(CL) are calculated using the
VSM, similar to Eq. (3).

2.4 Comprehensive priority evaluation of hyperlink

When evaluating an unvisited hyperlink / during
focused crawling, the priority of that hyperlink can-
not be determined from the hyperlink structure or con-
tent of the webpage alone. Therefore, we design the
CPE method for hyperlink /. The relevance of webpage
G R(G) pointed by hyperlink /, the relevance of the an-
chor text R(AL) of hyperlink /, and the relevance of the
context R(CL) related to hyperlink / are combined into
a measure called the comprehensive priority E(/) of
the hyperlink /:

E(l)=0aR(G)+ BR(AL) + yR(CL), 4
where a, B, and y are weight coefficients satisfying
o+p+y=1. Based on the grid-search method, we set
0=0.5, =0.3, and y=0.2.

3 Improved Bayesian classifier with weights

The FC aims to obtain relevant webpages for a
given topic from the Internet and discard irrelevant
webpages. Therefore, the FC can be regarded as a bi-
nary or multivariate classification problem to be solved
by a classifier. In this paper, we apply our newly con-
structed improved BCW to webpage classification.
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Based on the Bayesian formula with a prior proba-
bility and conditional probability for a given class, the
Naive Bayesian classification algorithm (Hu et al., 2023;
He et al., 2025) calculates the posterior probability and
hence predicts the most likely class of an item. When
applying the Bayesian classification algorithm to web-
page classification, we must select the characteristics
of the webpages.

Suppose that webpage X is expressed as {U,,
U, -+, U}, where U, is the i" feature word in the web-
page. Assuming independence and given a test web-
page X, the probability of X belonging to a certain class
C, through feature words is calculated as

P(Clx)=P(C|U.U,,-,U,)
_ P(C)P(U,U,,-,U,C,)
> P(CHPULUU,C)
PCH T, PWIC)

_ , 5
SOOI pwicy

where m is the number of classes and C, is the i" class.
Note that the denominator of Eq. (5) plays no role in
determining the class of the classified webpage and
can thus be disregarded. Taking only the numerator of
Eq. (5), the class X of the webpage is computed as

arg max P(C) [T}, P(UlC)

C(X)—{C,. :

i—1,2,---,m}.

(6)

From the webpage classification formula, one can
conclude that the Bayesian training model mainly re-
quires the prior probability P(C)) and the conditional
probability P(U,|C)) of class C, which are respectively
calculated as

P(C)=—=—"1—, 7
( 1) 1-717 K ( )
=1
tf("jkidf,/k, U,e 0,
P(UJC)) = 1 (3)
MM Uye 0,
where K, (i=1, 2, ---, m) denotes the number of docu-

ments belonging to class C, in the training set, tf[jk rep-

resents the normalized TF of feature word U, in the "
class, idf, is the IDF of feature word U, in the training
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set, and Q, is the set of feature words in the i" class
C.. M, represents the total number of feature words in
all texts belonging to class C, in the training set, and M,
indicates the number of non-repeating feature words in
all classes.

Traditional Bayesian classifiers underperform on
webpage classification tasks, causing webpage misclas-
sification and the “topic-drift” phenomenon. The accu-
racy is poor because generic webpage classifiers typi-
cally classify the entire webpage as a whole. Zhao et al.
(2025) pointed out that different classifiers should be
customized and trained to meet the specific needs of in-
dividual clients. FC classifiers can be customized based
on the unique features of webpages. Within a webpage,
the same feature word can exist in different label groups
and carry different degrees of importance to the topic.
To distinguish the importance of different feature words
in different label groups, we introduce label weights
L; (=1, 2, ---, J) to the Bayesian classifier as shown
in Table 1. This strategy can amplify the importance
of feature words representing the webpage’s topic while
reducing the weights of feature words irrelevant to that
topic.

Combining Egs. (6)—(8), we propose an improved
BCW. The classification result of webpage X is deter-
mined by

Cc(Xx)= {c,. argmax P (C,) [[P(UC))L,
1 k=1

i=1,2,--,m; U,is located in Group,,

je{1,2,---,J}}. 9

As the value of H:= ]P(Uk\Cl.)Lj becomes ex-

cessively small in actual computations, it is con-
verted to logarithmic form log, HZ= IP(Uk|C,.)Lj:

z:: log, (P (U,|C,)L)) for update, where b is an in-
teger greater than 1. In this paper, b is set to 10.

4 Crawling strategies based on BCW and CBS

This section first introduces the tunneling tech-
nology based on CBS and then combines the BCW,
CBS, and CPE into the BCW_CC. Finally, the time
complexity of BCW_CC is analyzed.
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4.1 Content block segmentation

The crossing tunnel technique based on the CBS
traverses topic-irrelevant webpages to access topic-
relevant webpages. A document object model tree of
webpages generally contains numerous labels. A web-
page analyzed as a whole may be topic-irrelevant but
include topic-relevant content between the <div> and
</div> labels. The CBS approach aims to segment
a webpage into multiple sections using <div> labels,
enabling finer-grained analysis of a webpage. The
weight vector of the content block is calculated by
the TF—IDF method, similar to Eq. (1). The topic rele-
vance of the content block is calculated using the VSM
(similar to Eq. (3)). As nested <div> labels are pos-
sible, identifying the innermost <div> labels contain-
ing no other <div> labels is essential. Here, we segment
webpages using a specific CBS technique based on
an outside-to-inside backtracking method.

4.2 FC based on BCW_CC

This subsection introduces our FC strategy BCW _
CC, which combines the improved BCW, the CPE for
hyperlinks, and the crossing tunnel technology based
on CBS. The improved BCW classifier facilitates pre-
cise webpage filtering, the CPE reduces the likelihood
of topic drift, and the tunneling technology enables the
crawler to access otherwise inaccessible topic-relevant
webpages.

First, we define the topic and construct a topic
weight vector. We then add seed hyperlinks to the
priority-queue and select a hyperlink source-link from
the priority-queue. The webpage source-page pointed by
the source-link is downloaded, and its topic is classi-
fied by the BCW. If the topic matches the target topic
of the crawler, the topic relevance of the source-page
R(source-page) is calculated by Eq. (3); otherwise, the
current hyperlink is discarded, and a new hyperlink
is fetched from the priority-queue. If R(source-page)>
7 (7 is the topic relevance threshold of webpages), the
webpage is assessed as topic-relevant; otherwise, it is
partitioned into multiple (for example, ») content blocks
using the CBS technology. The topic relevance of each
content block B, (i=1, 2, -+, r) R(B,) is then determined.
If R(B,)>A (the priority threshold of hyperlinks), all
sub-links (denoted as block-links) in block B, are ob-
tained, and all webpages (denoted as block-pages)
pointed by block-links are downloaded. Subsequently,

Liu et al. / Front Inform Technol Electron Eng 2025 26(12):2569-2582

all sub-links in block-pages are extracted. The compre-
hensive priority E(sub-link,) of the i sub-link sub-link,
in sub-links is computed by Eq. (4). If E(sub-link,)>4,
sub-link; is added to the priority-queue; otherwise, it
is discarded. The above process iterates until the end-
ing conditions are met. The detailed steps are given in
Algorithm 1. By removing the BCW classifier from the
BCW_CC algorithm, we obtain an FC called FCCBS,
which combines CBS and CPE. In addition, by re-
moving the CBS strategy from BCW_CC, we obtain
an FC called FCBCW, which combines BCW and
CPE.

4.3 Complexity analysis of BCW_CC

Let N represent the number of documents in the
training set, L be the number of words in the docu-
ment with the most words among all training docu-
ments, s be the number of seed hyperlinks, and »n be
the number of topic feature words. DP is the number
of downloaded webpages and x is the number of sub-
links in the webpage with the most sub-links among
all downloaded webpages.

During the initial stage of the algorithm, the time
complexity of adding the s seed hyperlinks to the
priority-queue is O(s). Next, a topic weight vector is
constructed by the TF—IDF method. This step, with a
time consumption of O(nLN), involves calculating the
TF and IDF of N training documents, each containing
n topic feature words. The time consumption of select-
ing a head hyperlink from the priority-queue is O(s).
The time complexities of segmenting and obtaining the
feature vector of the downloaded webpage source-page
are O(L) and O(nl), respectively. Because the time
consumption of computing the prior probability P(C,)
and conditional probability P(U,|C)) of class C; in the
trained BCW classifier are O(N) and O(LN), respec-
tively, determining the topic of the downloaded web-
page source-page requires O(c,NnLN) time, where ¢, is
the number of theme categories. The time consumption
of calculating the topic relevance and extracting all sub-
links of the source-page are O(n) and O(x), respec-
tively. In the tunnel-crossing based on CBS, the topic
relevance of all » innermost content blocks of a webpage
is computed in O(c,rn) time, where ¢, is the maximum
layer number nesting <div>. Thus, the time consump-
tion of tunneling (i.e., obtaining all x sub-links in the
topic-relevant content blocks in a topic-irrelevant
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Algorithm 1 BCW_CC

Input: seed hyperlinks
Output: downloaded topic-relevant webpages
1 Determine the topic S, add the seed hyperlinks to the priority-
queue, and initialize parameters 7=0.70, 2=0.30, temp=0,
0=0.5, p=0.3, y=0.2, DP=0, and RP=0. // DP is the number
/I of downloaded webpages, and RP is the number of topic-
// relevant webpages. In the paper, the topic S is the “rain-
// storm disaster” or “sports.”
2 Construct the topic weight vector by the TF—IDF method.
If priority-queue is not empty and DP<15000 then
Select the head hyperlink source-link from the priority-
queue;
Else
Output the downloaded webpages and end the algorithm.
End if
Download the webpage source-page to which the source-
link points, and let DP=DP+1.
9  Segment the source-page to obtain its feature vector.
10 Determine the topic of the source-page using the trained
BCW classifier and Eq. (9).
11 If C(source-page) is equal to S then
12 Calculate the topic relevance of the source-page using
Eq. (3) and go to lines 16-31;
13 Else
14 Discard the source-link and go to lines 3-7.
15 End if
16 If R(source-page)>7 then
17 Let RP=RP+I;
18 Extract all sub-links in the webpage source-page;
19 Else // Crossing tunnels based on the CBS strategy.
20 Using the backtracking method based on <div> labels,

oW

0 3 N W

divide the source-page into » content blocks B, (i=1, 2, -+, r);

21 For i=1 to r do

22 Calculate the topic relevance R(B)) of B;

23 If R(B,)>/ then

24 Obtain all block-links in B,, and download all
webpage block-pages to which block-links point;

25 Extract all sub-links in the block-pages, and set
temp=1;

26 End if

27 End for

28 If temp is equal to 1 then go to lines 32-39;

29 Else go to lines 3-7.

30 End if

31 Endif

32 For i=1 to x do // x is the number of sub-links.

33 Compute the comprehensive priority E(sub-link;) of
each sub-link; in sub-links using Eq. (4).

34 If E(sub-link,)>/ then

35 Add sub-link; to the priority-queue;
36 Else

37 Discard sub-link,.

38 End if

39 End for

40 Go to lines 3-7.

webpage) is O(c,rnx). In addition, calculating the topic
relevance of the webpage R(G), the topic relevance
of anchor text R(AL), and the topic relevance of con-
tent block R(CL) of a sub-link all consume O(n) time,
so the time consumption of calculating the compre-
hensive priority of all x sub-links is O(xn). Therefore,
for DP downloaded webpages, the time complexity
of BCW_CC is O[s+nLN+DP(s+L+nL+c, NnLN+n+x+
c,rnx+rxn)]. Because L~O(n), r~O(n), and x~O(s), the
time complexity of BCW_CC can be further simpli-
fied to O[DP(N*+s)n?].

5 Numerical results and analysis

To evaluate the effectiveness of the proposed FCs
and compare their performances with several state-of-
the-art crawling algorithms, we selected two topics:
rainstorm disasters and sports. All the experiments
were implemented using Python and conducted on a
personal computer equipped with a 1.8 GHz CPU and
8.0 GB of memory.

5.1 Dataset description

The dataset was THUCNews (http://thuctc. thunlp.
org/), obtained by filtering historical data from the Sina
News really simple syndication (RSS) feed channel be-
tween 2005 and 2011. Based on the original dataset, we
reorganized the dataset into four candidate classes: real
estate (RE), stocks (ST), technology (TE), and sports
(SP). To obtain a rainstorm disaster-related dataset, we
performed web scraping using a generic web crawler.
After removing the irrelevant webpages, we created a
dataset rainstorm disasters (RD). The five datasets are
described in Table 2.

5.2 Metric indices

The common measures of FC performance are the
AC and recall rate (RC). The AC represents the ratio
of topic-relevant webpages crawled by the crawler to
the total number of webpages crawled, whereas the RC
represents the ratio of topic-relevant webpages crawled
by the crawler to the total number of topic-relevant
webpages RP on the entire Internet. These indices are
given by

EDP r.
AC(DP) = £t

DP (10)
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Table 2 Datasets of the five classes

Topic description

Class Size of the training set  Size of the test set
RE 1000 200
ST 1000 200
TE 1000 200
RD 1000 200
SP 1000 200

News and articles related to the real estate market

Information related to stock markets and finance

News, innovations, and technological developments in the technology industry

News and information on rainstorm disasters

Sports events, athletes, and sports news

where 7, = 1 if page G, is relevant to topic and », = 0
otherwise. DP is the number of downloaded webpages,
and

P, (1 Py

RC = :
1P

(11

where P, and P, refer to the sets of uniform resource
locators (URLs) of the target pages and the result pages
grabbed by the crawlers, respectively.

Referring to Fan et al. (2022), we selected two
additional measures for evaluating the crawling algo-
rithm: the average topic relevance (AR) and standard
deviation (SD) of all downloaded webpages, which
are calculated as

_ 1 DP
AR =55 2.0 R(G)), (12)
— 1 Dp _ 2
SD—/DPZ_](R(G,.) AR)?,  (13)

where R(G)) is the topic relevance of webpage G, Note
that the SD measures the spread of topic relevance
among all downloaded webpages. The value of SD
lies in [0, 1].

5.3 Experimental results and analysis

Experiments were performed in the rainstorm di-
saster and sports domains. Referring to Liu JF et al.
(2023), we set the total number of downloaded web-
pages to 15000. With 15000 downloaded webpages, we
can understand the trend of each crawler algorithm and
evaluate the performance indices of different crawlers.

5.3.1 Experimental results in the rainstorm disaster
domain

In the rainstorm disaster experiments, the initial
seed hyperlinks were obtained through Baidu, which
ranks among the most authoritative and widely used

search engines in China. Webpages were collected by
searching for the keyword “rainstorm disaster.” The top
24 URLs of the obtained webpages were employed as
the initial seed hyperlinks.

Within the same experimental environment in the
rainstorm disaster domain, we evaluated the breadth-
first search (BFS) (Wang, 2011), optimal priority search
(OPS) (Rawat and Patil, 2013), the FC based on the
simulated annealing algorithm (FCSA) (Liu JF et al.,
2019), the FC based on an improved tabu search
strategy combining ontology and host information
(FCITS_OH) (Liu JF et al., 2023), the FC based on
particle swarm optimization (FCPSO) (Liu JF et al.,
2024), the FCBCW algorithm, the FCCBS algorithm,
and the BCW_CC algorithm. The BCW classifier in the
FCBCW and BCW_CC algorithms was initially trained
on the RE, ST, TE, SP, and RD datasets prior to crawl-
ing in the rainstorm disaster domain. The four perfor-
mance metrics of the eight crawling algorithms (in
units of 1000 downloads) are compared in Figs. 1-4.

Fig. 1 displays the numbers of topic-relevant web-
pages RP obtained by the eight crawling algorithms in
the rainstorm disaster domain. After 15000 downloaded
webpages, the BCW_CC crawls 13 522 topic-relevant
webpages, while the BFS, OPS, FCSA, FCITS OH,

= BFS
14000 s OPS
FCSA
120001 |- FCITS_OH
--—-- FCPSO
100004 |..... FCCBS
--- FCBCW
8000{ |— BCW_CC

o
6000 A
4000 1
2000 1

2000 4000 6000 8000 10000 12000 14000
DP

Fig. 1 RP obtained by the eight crawling algorithms in the
rainstorm disaster domain
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Fig. 2 ACs of the eight crawling algorithms in the rainstorm
disaster domain
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Fig. 3 AR values of the webpages obtained by the eight
crawling algorithms in the rainstorm disaster domain
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Fig. 4 SDs of the webpages downloaded by the eight crawling
algorithms in the rainstorm disaster domain

FCPSO, FCCBS, and FCBCW crawl 3549, 9813, 10506,
12384, 12546, 9413, and 12 680 RPs, respectively.
Obviously, BCW_CC outperforms the other algorithms
in terms of the RP metric.

Fig. 2 shows the ACs of the eight algorithms
in the rainstorm disaster domain. When DP exceeds
7000, BCW_CC achieves a significantly higher AC
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than the other algorithms. At DP=10 000, the AC of
BCW_CC gradually stabilizes. The final ACs of the
BFS, OPS, FCSA, FCITS OH, FCPSO, FCCBS,
FCBCW, and BCW_CC crawling algorithms are 0.2366,
0.6542, 0.7004, 0.8256, 0.8364, 0.6275, 0.8453, and
0.9015, respectively. BCW_CC exhibits the highest ac-
curacy among the eight algorithms.

Fig. 3 displays the AR values of the webpages
downloaded by the eight crawling algorithms. At DP=
15000, the ARs of the BFS, OPS, FCSA, FCITS_OH,
FCPSO, FCCBS, FCBCW, and BCW_CC crawling
algorithms are 0.2947, 0.6376, 0.6627, 0.7412, 0.8079,
0.6874, 0.8246, and 0.8412, respectively. After 3000
downloaded webpages, the BCW_CC algorithm out-
performs the other algorithms in AR.

As demonstrated in Figs. 1-3, the OPS algorithm
performs well during the early stages but its greedy
strategy degrades the later-stage performance. Although
FCSA also adopts the greedy strategy, it better opti-
mizes the search direction than the OPS and BFS, owing
to its metropolis sampling mechanism. The parameter-
dependent FCSA slightly outperforms the OPS and BFS
but is outperformed by the other algorithms overall. The
FCITS_OH and FCPSO, which use adaptive hyper-
link selection, outperform BFS, OPS, and FCSA but
obtain lower RP, AC, and AR values than FCBCW and
BCW_CC because they lack tunnel traversal and ma-
chine learning classification. The BCW_CC algorithm
outperforms FCCBS and FCBCW. FCCBS uncovers
hidden pages via tunneling but lacks accurate classifi-
cation, whereas FCBCW prioritizes precision during
the early stages but lacks tunneling for deep relevant-
page retrieval. As the BCW classifier facilitates the ac-
cumulation of high-accuracy topic-relevant webpages,
the accuracy of the FCBCW algorithm gradually en-
hances. Obviously, the BCW and CBS are more effec-
tive when combined than when individually employed
in FC, validating the synergistic enhancement hy-
pothesis proposed in Section 4.2,that is, collabora-
tion between the BCW classifier and CBS tunneling
technology.

Fig. 4 shows the SDs of the webpages down-
loaded by the eight crawling algorithms in the rain-
storm disaster domain. After crawling 2000 webpages,
BCW_CC exhibits a downward trend in SD. At DP=
15000, the SDs of the BFS, OPS, FCSA, FCITS OH,
FCPSO, FCCBS, FCBCW, and BCW_CC crawling
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algorithms are 0.3096, 0.2599, 0.1953, 0.1441, 0.1424,
0.1937, 0.2080, and 0.1643, respectively. As shown in
Fig. 4, the SD of BCW_CC exceeds those of FCITS
OH and FCPSO but was lower than those of the other
five algorithms. Table 3 compares the four metrics of
the eight FCs at DP=15 000.

Table 3 Comparison of metric indices of the eight crawling
algorithms at DP=15000 in the rainstorm disaster domain

Algorithm RP AC AR SD

BFS 3549 0.2366 0.2947 0.3096
OPS 9813 0.6542 0.6376 0.2599
FCSA 10506 0.7004 0.6627 0.1953
FCITS_OH 12384 0.8256 0.7412 0.1441
FCPSO 12546 0.8364 0.8079 0.1424
FCCBS 9413 0.6275 0.6874 0.1937
FCBCW 12680 0.8453 0.8246 0.2080
BCW_CC 13522 0.9015 0.8412 0.1643

To determine the main differences among the be-
haviors of the eight crawling algorithms, we conducted
a Friedman test (Yu ZW et al., 2017) of the algorithms,
ranking their scores of each metric from best to worst.
In this paper, the RP, AC, AR, and SD of each algo-
rithm are ranked from 1 to 8 and averaged to give a
final score for each algorithm. A smaller average value
indicates a higher-performance algorithm. The results
are listed in Table 4. BCW_CC and BFS deliver the best
and worst overall performances, respectively.

Table 4 Comparison of Friedman values of eight crawling
algorithms in the rainstorm disaster domain

Friedman value

Algorithm Average
RP AC AR SD

BFS 8 8 8 8 8
OPS 6 6 7 7 6.5
FCSA 5 5 6 5 5.25
FCITS_OH 4 4 4 2 3.5
FCPSO 3 3 3 1 2.5
FCCBS 7 7 5 4 5.75
FCBCW 2 2 2 6 3
BCW_CC 1 1 1 3 1.5

5.3.2 Experimental results in the sports domain

For the SP experiments, we searched the keyword
“sports” in Baidu and selected the top 15 URLs of the
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obtained sports-related webpages as the initial seed hy-
perlinks. We further obtained the URLs of 10 000 web-
pages related to “sports” in Baidu and Google and man-
ually filtered them to obtain a target page collection.

Five crawling algorithms—BFS, OPS, the FCCBS
algorithm, the FCBCW algorithm, and the BCW_CC
algorithm—are implemented in the sports domain in
the same experimental environment. Figs. 5—9 compare
the values of the five metric indices (RP, AC, AR, SD,
and RC) obtained by the five crawling algorithms (in
units of 1000 downloads).
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Fig. 5 RP obtained by the five crawling algorithms in the
sports domain
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Fig. 6 ACs of the five crawling algorithms in the sports
domain

Fig. 5 shows the RP of the five crawling algo-
rithms in the sports domain. At DP=15 000, BCW_CC
crawls 11 828 topic-relevant webpages, whereas the
BFS, OPS, FCCBS, and FCBCW algorithms crawl
4131, 8828, 9635, and 11 260 webpages, respectively.

Fig. 6 presents the ACs of the five algorithms in
the sports domain. BCW_CC significantly outperforms
the other algorithms at DP=2000, but its AC perfor-
mance gradually stabilizes toward DP=6000. The final
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Fig. 7 ARs of the webpages obtained by the five crawl-
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Fig. 8 SDs of the webpages obtained by the five crawling
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Fig. 9 RCs of the five crawling algorithms in the sports
domain

ACs of the BFS, OPS, FCCBS, FCBCW, and BCW_CC
algorithms are 0.2754, 0.5885, 0.6423, 0.7507, and
0.7885, respectively. Clearly, BCW_CC achieves the
highest accuracy performance, with a 33.98% improve-
ment over the traditional OPS algorithm.

Fig. 7 displays the ARs of the webpages down-
loaded by the five crawling algorithms. At DP=15 000,
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the ARs of the BFS, OPS, FCCBS, FCBCW, and
BCW_CC crawling algorithms are 0.3027, 0.6184,
0.6534, 0.8061, and 0.8586, respectively. After crawling
more than 3000 webpages, the BCW_CC algorithm
downloads more relevant webpages than the other
algorithms.

Fig. 8 displays the SDs of the webpages down-
loaded by the five crawling algorithms. At DP=15 000,
the SDs of the BFS, OPS, FCCBS, FCBCW, and
BCW_CC crawling algorithms are 0.2952, 0.2627,
0.1937, 0.1987, and 0.1606, respectively. The SD of
BCW_CC trends downward overall, indicating that as
more websites are crawled, BCW_CC stabilizes more
strongly than the other crawling algorithms.

Fig. 9 shows the RC results of the five algorithms
in the sports domain. The RCs of all five crawling strat-
egies trend upward during the early stages and gradu-
ally stabilize with increasing DP, eventually becoming
parallel to the X-axis. The final RCs of the BFS, OPS,
FCCBS, FCBCW, and BCW_CC algorithms are 0.0808,
0.2067, 0.2941, 0.2537, and 0.3539, respectively. At
DP=15 000, BCW_CC achieves the best recall perfor-
mance, with a 71.21% improvement over the traditional
OPS algorithm. Table 5 compares the five metrics of
the five FCs at DP=15000.

Table S Comparison of five metric indices obtained by five
crawling algorithms in the sports domain at DP=15000

Algorithm RP AC AR SD RC

BFS 4131  0.2754 0.3027 0.2952 0.0808
OPS 8828  0.5885 0.6184 0.2627 0.2067
FCCBS 9635  0.6423 0.6534 0.1937 0.2941
FCBCW 11260 0.7507 0.8061 0.1987 0.2537
BCW_CC 11828 0.7885 0.8586 0.1606 0.3539

As evidenced in Figs. 5-9 and Table 5, FCs adopt-
ing the CBS or BCW strategy outperform the traditional
BFS and OPS topic crawler algorithms, but BCW_CC
combining both strategies most significantly improves
the performance over the traditional algorithms, pri-
marily because it integrates tunnel crossing with a page-
filtering strategy. By traversing some irrelevant web-
pages, the CBS-based tunneling technique enables
BCW _CC to capture otherwise inaccessible topic-
relevant webpages, while the BCW reduces interference
from irrelevant pages, enhancing both the crawling
efficiency and precision.
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5.4 Comparative experiments of key parameters

Some key parameters significantly impact the per-
formance of crawling algorithms. Through compara-
tive experiments, we analyzed two critical BCW_CC
parameters: 7 and 1. A strict 7 can improve the preci-
sion of the crawler but reduces the coverage of bor-
derline pages; conversely, a lenient 7 increases crawl-
ing of unrelated pages. Similarly, the threshold A sig-
nificantly determines whether hyperlinks are added into
the priority-queue. Setting an appropriate A expands
the crawling coverage of the crawler, uncovering more
topic-relevant webpages.

To systematically evaluate the parameter sensi-
tivity, we adopted a grid-search methodology across
empirically validated ranges. Drawing on domain ex-
pertise and established practices (Liu WJ and Du,
2014), we confined the 7 and A parameters to [0.60, 0.80]
and [0.20, 0.40] in the rainstorm disaster domain,
respectively.

Table 6 presents the ACs of BCW_CC at DP=
15000 in the rainstorm disaster domain as  and 4
vary over the above ranges. As 1 increases from 0.20 to
0.30, the average AC improves by 19.67% (from 0.7416
to 0.8875) across the range of 7. However, when 1 ex-
ceeds 0.35, the average AC gradually reduces, sug-
gesting that A=0.30 is an appropriate threshold. From
Table 6, we similarly conclude that 0.70 is the optimal
choice of 7. Accordingly, we set 1=0.30 and 7=0.70 in
this paper.

Table 6 ACs of BCW_CC in the rainstorm disaster
domain with different thresholds of 7 and 4

AC
‘ 4=0.20 0.25 0.30 0.35 0.40
0.60 0.7508  0.8122 0.8819  0.8416  0.8103
0.65 0.7615 0.8344 0.8784  0.8644  0.8008
0.70  0.7594  0.8516 09015 0.8745  0.8110
0.75 0.7155  0.8466 0.8910  0.8630  0.8064
0.80 0.7206  0.8484 0.8846  0.8516  0.7949

6 Conclusions

Unlike traditional web crawlers that often prioritize
large-scale crawling, FCs tend to crawl over themed
webpages. However, as web content is complex and rel-
evant information is isolated, FC methods are frequently
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degraded by topic drift and inability to cross tunnels.
Moreover, the accuracy of classifiers in webpage classi-
fication is relatively low. To address these limitations,
we combine an improved BCW with a CPE method for
unvisited hyperlinks, which avoids topic drift caused
by inaccurate webpage classification. Meanwhile, the
CBS-based crossing tunnel technique allows the crawler
to capture otherwise inaccessible topic-relevant web-
pages. We thus propose a focused crawling algorithm
called BCW_CC and compare its performance with
those of state-of-the-art methods such as FCITS OH
and FCPSO. The experimental results in the rainstorm
disaster domain demonstrate higher accuracy and
stronger overall performance of BCW_CC than the
other algorithms (Friedman metric). Furthermore, we
compare the experimental results of BCW_CC with
those of FCBCW using the BCW strategy alone,
FCCBS using the CBS strategy alone, and conven-
tional topic crawlers. The results in both the rainstorm
disaster and sports domains reaffirm the effectiveness
of the improved strategies.

However, the drawbacks of the BCW_CC algo-
rithm should not be ignored. BCW_CC lacks semantic
analysis of the words in webpage texts and does not
consider the hyperlink structure. In following work, we
plan to optimize the similarity assessment and weight
coefficient calculation from a semantic perspective.
Moreover, FCs could benefit from recent advancements
in deep learning. Crawlers incorporating word embed-
ding into deep learning could learn from related corpora
and are expected to expand the search scope and fur-
ther improve the accuracy of crawling. In addition, the
presently proposed FCs are designed to crawl 15 000
topical webpages. This relatively small number of
crawled pages can meet current needs on a PC, but when
upscaled to large-scale data crawling, the crawling
time may become excessive. Large-scale web crawl-
ing requires a cluster of multiple servers or virtual hosts
in a distributed computing environment, which can
balance the load of task allocations during big data
crawling. Therefore, we hope to create a more pow-
erful distributed web-crawling system based on a Spark
framework for large-scale web crawling.
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