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Abstract

Based on the LDA model, this paper builds a three-layer semantic model of
Web English educational resources “document-topic-keyword”, models the
semantic topics of resource documents, and obtains the semantic topics and
keywords of document resources as the semantic labels of resources. The
experimental results show that document LDA topic modeling is beneficial
to the macroscopic classification of Web English educational resources. The
experimental results show that LDA topic modeling of documents is useful
for macroscopic cataloging of Web English educational resources, high-
lighting teaching priorities, difficulties, and interrelationships, while LDA
modeling of teaching topics with the same teaching content expands the meta-
data generation method of resource description based on the basic education
metadata standard and provides more information about the inherent char-
acteristics of resources. The semantic information can be used to mine the
semantic thematic features and detailed differences inherent in the resources,
and the final performance analysis verifies the parallel computing advantages
of the LDA model in a big data environment.
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1 Introduction

In the context of big data in education, new resource integration technologies
and platforms are needed as well as new governance mechanisms for Web
English educational resources. Not only resource construction management
specifications, sharing rights, and intellectual property rights are needed, but
also technologies for resource collection, storage, labeling, and sharing under
the big data environment [1]. The development and application of metadata
standards for Web English education resources standardize the practice of
Web English education resource construction and lay a metadata description
framework for Web English education resource storage and sharing [2].
Based on the resource aggregation and sharing technique of web crawler, we
use the Web English educational resources’ titles, keywords, hyperlinks, and
other information obtained during the analysis of Web English educational
resources as the markers of Web English educational resources and provide
students with keyword-based search services [3].

With the development and application of Web 3.0 semantic annotation
technology, students are no longer satisfied with basic metadata descriptions
such as titles, linked text, and string-matching search results; they expect
resource descriptions to provide potential semantic information about the
topic ideas, teaching methods, and knowledge-concept relationships within
the document, such as the basic methods of language teaching, the central
idea of the text, and the specific knowledge points [4]. Semantic information
is hidden inside resources such as teaching methods. The semantic annota-
tion of these resources can better reflect the characteristics of the resources
themselves, and the descriptions can be more accurate and easier for students
to select and use [5]. When Web-based English education resources are
extremely rich and growing rapidly, an automatic and intelligent method of
resource annotation and aggregation is also needed.

Information labeling of Web English educational resources is the most
complicated and important part of Web English educational resources con-
struction [6, 7]. On this basis, it is stipulated in a series of domestic standards,
such as the Web Specification for the Construction of English Educational
Resources, that the attribute labeling of Web English educational resources
includes mandatory and optional attribute data, and the mandatory raw
data includes representation, title, language, description, keywords, etc. The
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metadata is directly related to the content of resources and teaching appli-
cations [8]. Manual annotation has its precision, but there are also problems
such as individual understanding bias, selective filtering, and a large amount
of annotation work, etc. In today’s extremely rich web resources, there is
an urgent need to annotate metadata by automated means. With the rise
of semantic annotation technology, i.e., Web 3.0, and the linear increase in
the number of web resources, the intrinsic semantic analysis of document
resources has become popular among students, and its research and applica-
tion have become a hot topic nowadays [9]. The strategy of openly shared
subject resource catalogs automatically analyzes and labels the title, text, and
links of Web pages semantically, and then builds a catalog index. Based on the
linked data semantic distance (LDSD) technique, the researcher proposes a
resource similarity calculation method, which takes into account the attributes
of the resource and the satisfaction of popular students in the calculation
process, and the method has shown better performance than similar resources
in DBpedia repository testing and music recommendation system. Semantic
annotation technology provides technical support for automated metadata
annotation of English educational resources on a large-scale web [10].

The LDA model excels in large-scale topic modeling of document
resources and has a wide range of applications in document semantic
analysis, topic modeling, and resource recommendation. A comprehensive
collaborative resource filtering algorithm and a probabilistic topic model
based on LDA are used to develop a scientific and technical document
recommendation system to recommend old and new scientific and techni-
cal documents that may be of interest to students [11]. The topic model
for semantic relationship constraint is used to process a large amount of
product review test data to better discover fine-grained feature words, sen-
timental words, and semantic correlations between product features, and thus
obtain product feature levels and student sentiment preferences [12]. A new
approach to quantitative analysis and evaluation of social networking sites
is proposed from three perspectives: student, topic, and community [13].
As shown in Figure 1, the LDA model is often used for text classification
processing, resource topic modeling, resource recommendation, and so on.
The CA-LDA model combines the probabilistic topic extraction method and
network analysis method of the traditional LDA model and add the network
analysis method to the traditional LDA model.

This study starts from the need for semantic annotation of resources in
the process of building and sharing repositories, uses the LDA model to
semantically model the document resources in repositories, explores potential
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Figure 1 Structure of semantic annotation of common Web-based English education
resources.

topics in the documents, and analyzes the document-topic-keyword tagging
from three different levels. Semantic descriptions of Web-based English
education resources enrich the metadata attributes and content of resources,
adding more topics related to subjects, teaching contents, teaching methods,
etc.

2 Semantic Annotation Modeling of Web-based English
Education Resources

2.1 Multi-site Feature Fusions Based on Topic Area Extraction
Algorithm

Web English educational resources are information carriers that contain not
the only key, topical information about student concerns, but also a lot of
noise, such as Web English educational resources, navigation bars, and copy-
right notices. Woodman calls the area shaped like area 2, which contains the
topic information from Web English Educational Resources, the Web English
Educational Resources topic area. Although this noisy information is useful
for website owners and viewers, it often hinders the Web English educational
resource analysis program from extracting and semantically annotating the
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topic information from Web English educational resource content [14]. For
this reason, identifying topic regions and filtering out noisy information can
improve the clustering, classification, and topic extraction performance of
Web English educational resources, which are important for the semantic
annotation of Web English educational resource content [15].

For a particular Web site, most pages are dynamically generated using
modular programs (JSP, ASP, PHP, etc.), so they generally have some fixed
page layout. Thus, if the layout and content of some page sections appear
frequently on other pages, they are likely to be noise, whereas the real content
of interest to students (e.g., text, images, etc.) is usually obtained from a
database with different content and style. The distinction between subject
areas and noise areas is often very clear in some cases [16]. For example, in
a news site, the subject area tends to contain more text than the noise area
and occupies a central position in the Web English education resources. In
e-commerce sites, for example, subject areas are arranged regularly and can
often be divided into smaller areas by TR.

Based on the above analysis of Web English educational resources, this
paper proposes a topic area extraction algorithm based on a site style tree and
multi-feature fusion, which formalize the topic area problem into a classifi-
cation problem [17]. The algorithm first constructs a SiteStyleTree based on
the Web English education resource set, and then calculates the importance
of each node based on the information, and obtains the candidate topic areas
based on the node importance. Candidate topic regions are coarse-grained
and contain a large number of pseudo-topic regions, which need to be further
filtered and validated. In this section, in the topic region validation phase, we
extract 10 characteristics of candidate topic regions including the number
of texts, the number of external links, the region height, the width, etc.,
and use these characteristics as classification features in the topic regional
recognition phase [18]. Due to the good performance of SVM on two-class
learning problems, this section uses this method to train the classifiers on
each feature. The fusion of the classifiers is achieved by a boosting algorithm
proposed in this section, which adjusts the classifier weights in each round
of iteration based on the classifier accuracy on the sample distribution that
is dynamically adjusted on each round of weight. Based on the classifier
weights obtained from training, some of the lowest weighted classifiers
and corresponding features can be discarded, making the testing complexity
reduced [19]. Moreover, the experimental results in this section show that the
appropriate discarding of some features does not significantly affect the final
performance.
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2.2 Web English Educational Resources Site Style Tree
Construction Extraction Algorithm

Although the DOM uses a tree structure to organize the nodes of HTML
elements in Web English educational resources, it is weak in topic area
recognition and noise detection, because the DOM tree has neither semantic
information nor any statistical features. However, noise handling based on
the style tree can be a good solution to the above problems, as it uses the
style tree as the core data structure. As shown in Figure 2, the style tree is
a data structure that can easily and accurately describe the style and content
distribution of the entire site, and it compresses the common parts of the entire
site page set.

A style node represents a layout or appearance style and consists of two
parts, denoted by the symbols (Es, n), where Es is a string of element nodes
and n is the number of pages at the node level that contain this particular
style. The element node is composed of three parts, represented by the symbol
(TAG, Attr, Ss) where TAG is the tag name, Attr is the set of attributes of the
tag, and Ss is the set of style nodes in the context under the element node. An
example of a site style tree is obtained by merging the two d1 and d2 style
trees. It is clear to see that in d1 and d2, the markers are the same except for
the bottom marker string, which is different, d1 is (P, IMG, PA) and d2 is (P,
BR, P). When merging dl and d2, the number of pages with different styles
below the tag is indicated by the number on the arc from the table tag. The
construction process of the site style tree generated from the DOM is in a
top-down model, and the resulting SST describes the site style distribution.

NodeImportance For each element node E in the SST set m the number of
pages of the site containing E and | to the number of child style nodes. Then
the importance NodeImportance(E) of element node E is defined as follows:

d Dbi
NodeImP(E) = — (D
®) ; log,, po

CompositeImportance is expressed as CompImp(E) for the intermediate
element node E and is defined as follows:

(1 — v)Nodelmp(E)
V2pi

CompImP(E) = )

In the above equation, pi is the probability that a page will use the i style
in E.Ss, and 7 is typically chosen to be 0. Complmp(Si) is the importance of
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the style node Si(E.Ss), defined as:

k
CompImP(S;) =k - Z Complmp(E;) 3)
j=1

To mark a candidate topic area, after calculating the node importance, you
can define a candidate topic area. The CandidateTopicArea (CTA), which is
determined by such an element node E, satisfies the following rules.

NodeImP(e) < m, Complmp(e) > m, Ve € parent(E) 4

2.3 Topic Classifications of Web-based English Educational
Resources Based on the LDA Topic Model

For online Web-based marketing of Web educational resources, the Web edu-
cational resource loading and matching strategy based on Web educational
resource themes has been one of the hot topics of research, because theme-
based matching can improve the efficiency of Web educational resource
placement compared with keyword-based matching. To achieve this form
of efficient matching, it is a key step to classify and extract the topics of
Web-based English education resources.

In the structure of human cognition and experience, there are a large
number of concepts that are similar or equal in meaning. When matching Web
English educational resources, only matching based on individual phrases
is likely to produce partial understanding. Since most of the current Web
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English education resource loading systems are based on keywords, they do
not solve the problem of Web English education resource-related matching
fundamentally. To solve this problem, the Web English educational resource
loading system must analyze the Web English educational resource from the
perspective of the topic, because the topic can express the descriptive intent
of Web English educational resources more accurately than phrases [20].
To be more specific, we first extract keywords of Web English educational
resources, then analyze the semantic contextual relationship between the
keywords, that is, analyze the theme expressed by the combination of the
keywords, and finally combine the similarity calculation of the theme to
extract the most similar and matching Web English educational resources
from the candidate Web English educational resources database. The key
question here is how to organize the semantic context from the extracted Web
English educational resources keywords and extract the themes embedded in
them [21]. This section discusses issues related to the topic classification of
Web English educational resources.

The mapping rules for topic classification of Web English educational
resources are discriminating formulas and discriminating rules established by
the classification system to summarize the patterns of topics based on infor-
mation from several samples of each topic class. Then, when encountering
untagged topic categories of Web English educational resources, it will deter-
mine the topics related to the content of Web English educational resources
according to the discriminant rules established. Extraction and classification
of topics are mainly solved by the hierarchical mapping idea of “Web English
educational resources - words — topics”. Web English educational resources
are composed of words according to lexical and semantic rules, while themes
are composed of words according to their relevance.

The probabilistic topic model can be interpreted from two perspectives,
corresponding to different applications, i.e. document generation and topic
extraction. The topic model can be viewed as a model of document gener-
ation, i.e., the process of generating a document as a simple probabilistic
process based on the topic model [22]. When a new document is to be
generated, the first distribution of topics is obtained, then for each word in
the document, a topic is randomly obtained from the topic distribution, and
then a word is randomly obtained from the distribution of words in the topic.
The document generation process can be reversed to extract the topic of the
document, that is, the content of the document can be used to calculate the
distribution of topics and topics of the distribution of a word. Currently, it is
common practice to indirectly calculate the topic-word distribution and topic
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distribution by finding the a posteriori distribution of potential topics (i.e.,
assigning each word in a document to a topic) based on the visible word
sequences in the document.

The key to the analysis and extraction of the thematic probabilistic
model LDA is to compute and evaluate the distribution of themes on the
document. Current methods for extracting LDA models are the variational
method, expectation-maximization EM algorithm, and the Gibbs sampling
algorithm. The model obtained by the variational method deviates from the
real situation, while the EM algorithm often fails to find the optimal solution
due to the local maximization of the likelihood function. However, Gibbs
sampling is a Markov-chain Monte Carlo (MCMC) method that is very
efficient in extracting topics from large document sets and is relatively simple
to implement. As shown in Figure 3, Gibbs sampling is the most popular and
commonly used LDA model extraction algorithm.

3 Experimental and Analytical Text Annotation in English
Education Based on the LDA Model

3.1 Web English Education Page Interest Quantification Method
Evaluation

When academic students are browsing Web English educational resources,
their interest level changes in a similar way, which can be roughly divided into
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three stages. In the beginning, students do not know much about the contents
of Web English educational resources and they are in the stage of understand-
ing the contents of Web English educational resources. At this stage, students’
interest in the Web educational resources is very low and changes slowly with
browsing time. When students have a general understanding of the contents
of the resources, they will decide whether to continue browsing according
to their preferences. If they are interested, they will choose to continue
browsing more carefully, and if not, they will stop browsing. At this stage,
as the browsing time changes, the student’s interest in Web-based English
education resources varies considerably. After a certain period, students have
already detailed the contents of the Web English educational resources and
their interest in them has grown to a certain degree. However, if students
are interested in the Web-English educational resources, they may choose
to browse the resources again. At this stage, students have already shown
a great interest in the Web educational resources, and their interest starts
to slow down as the browsing time increases. From the above analysis, we
can see that the change of students’ interest in Web educational resources
concerning browsing time should be an S-shaped curve, so the quantification
of interest should be considered using a mathematical model more in line
with the change.

To conduct the parameter evaluation experiment, this paper establishes
an experimental evaluation system that collects news, sport, technology,
and other information from various web portals and displays it on the site
according to the time of collection. Besides, four test students browse news
and other information through the site every day, and the system records the
time and number of times the students browse the site. The interface of the
experimental system is shown in Figure 4. In this paper, the sample data
of four students are collected through the experimental platform described
above. Sixty percent of the data are used for parameter estimation and 40%
for quantitative testing [23]. The scatter plot of the sample data is used for
parameter estimation. The horizontal coordinate represents the unit browsing
time of the students browsing the Web English educational resources, and
the vertical coordinate represents the rating value of the students’ interest
in the Web English educational resources. After completing the parameter
estimation and applying it to the interest quantification formula, we quantified
the interest of some of the sample data of the four students who participated in
the experiment. Quantified interest values were compared with the students’
ratings to assess the quantitative effect. After quantifying the interest in
the pages using the LDA method, the absolute value of the residuals was
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calculated based on the quantified interest, and the interest ratings given by
the students. The mean absolute residual values of the logistic quantification
method for the four students were 0.0362, 0.03444, 0.03326, and 0.03432
in order, which showed that the logistic-based page interest quantification
method could fit the students’ interests very well.

We first obtain access records of the test students over some time, then
divide them into groups by period and chronological order, cluster the first
group and the cluster interest and then add the subsequent data in turn.
To accurately examine the stability of the cluster interests of Web English
educational resources, the newly added Web English educational resources
are classified into the original clustering results according to the KNN
classification method after the new data are added. After adding all the
data, the computational results of different clusters are counted according
to the number of Web English educational resources in the clusters, and the
experimental results are shown in Figure 5. From the experimental results,
it can be seen that the cluster interest quantification methods based on the
cluster prime center and Gaussian model are both stable and can be used to
represent the students’ stable interest, but in contrast, the Gaussian model has
a higher stability performance.
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3.2 Web-based English Education Resource Standard Details
Variance Marking Assessment

The research experiment is to perform semantic modeling on all documents
in the set to compare the effects of LDA on document semantic classification
and keyword distribution. Secondly, multiple documents with the same edu-
cational content are selected for semantic modeling to examine the detailed
differences in the semantic modeling of documents with the same educational
content by LDA. Finally, the performance of LDA in large-scale document
semantic modeling under Map/Reduce parallel computing framework is veri-
fied to meet the practical application requirements for semantic modeling and
annotation of English educational resources on the Web.

From the perspective of the role of LDA in the classification of document
resources, the feature keywords in the “topic-keyword” distribution obtained
by LDA modeling can be used as semantic metadata of document resources
to classify and retrieve catalogs on resource sharing platforms and to label
the common features and teaching priorities and difficulties of Web-based
English educational resources. It provides richer resource retrieval and nav-
igation services for users. To further verify the semantic mining effect of
the LDA model on the detailed themes of Web-based English educational
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resources, the study counted the number of lesson plans of six randomly
selected texts in each junior high school volume and conducted LDA model-
ing experiments on those with more than 50 textbooks. The top four themes
and their corresponding keywords were obtained after the modeling of the
themes of the lesson plans. It can be seen that TopicO is the noun kinship,
Topicl is the description related to the teaching objectives and requirements
and the learning requirements that students should achieve, Topic2 is the
series of actions and performance of kinship expressed in the form of verbs,
and Topic3 is the feature mining for the text genre and description style. Small
themes and keywords within these lesson plans describe the characteristics of
each lesson plan in multiple details, providing a richer and more accurate
internal semantic description of the resource metadata.

The “topic-keyword” correspondence matrix obtained from the LDA
topic modeling of other textbook lesson plans reveals similar topic features
and corresponding keyword distribution features, which capture the teaching
requirements, teaching methods, central ideas, and other intrinsic details of
Web English educational resources and provide rich semantic information.
Both teachers and students can find the resources they need from these
detailed “themes and keywords” to grasp the key points of teaching and
learning.
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Another advantage of the LDA topic model is its ability to model large-
scale document topics. The experiment randomly selected 5000, 15000, and
40,000 documents from the lesson plan document library, and then selected a
different number of parallel computing nodes, ran it three times, and averaged
it to get the time used for LDA modeling in multiple parallel computing
nodes for different size datasets. As shown in Figure 6, the ratio of the LDA
modeling time and the benchmark time in a multi-node environment is used
as the acceleration ratio. It shows the time and acceleration ratios for the LDA
modeling of different corpus sizes for multiple nodes in parallel.

It is obvious from Figure 7 that the LDA modeling time for a large corpus
set is longer for the same number of parallel nodes, and as the number of
parallel computation nodes increases, the document modeling time is shorter
and the time difference between the three corpus sets is smaller, which means
that the LDA modeling acceleration ratio increases as the number of parallel
computation nodes increases. This means that the LDA model has superior
computational performance with larger datasets.

3.3 Evaluation of Significant Text Recognition and Annotation of
Graphic Web-based English Educational Resources

This paper takes advantage of the color, stroke, shape and other visual fea-
tures of distinctive text to realize the effective complementation of different
features in the detection and recognition of distinctive text. In the feature
extraction and detection stage, the areas are clustered by color. The main
purpose of clustering by color is to extract the color distribution features
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of an area, which can grasp the color tone of the area as a whole. Similar
regions generally have similar distribution characteristics. In the area fusion
stage of the candidate text, the area energy map is used to fuse the edge
sets, which transform the area fusion problem into a directional projection
law detection problem and effectively improves the fusion performance. The
regional energy map is constructed by wavelet transform. In the candidate
text area validation stage, an LDA-based classification validation method is
used to classify the text areas, which not only includes conventional visual
features but also color distribution features. In the text recognition stage,
the segmentation of the stroke map and text color layer was performed
separately, and the text regions were baptized from the perspectives of strokes
and colors, respectively. The two methods were analyzed and compared, and
the two methods were integrated, which effectively improved the quality of
minimization.

After the image is transformed by the wavelet boosting algorithm, the
image is decomposed into several sub-images by direction, in which all sub-
images, except for the low-frequency sub-image, contain edge features in a
certain direction, representing the texture features of the image in that direc-
tion. For example, textural features of a horizontally aligned text region in the
horizontal direction can be a good model of the horizontal curve of the font
energy. However, simulating the whole region will reduce the performance
of the algorithm, for this reason, this paper first clusters the region color,
extracts the distribution of regional color features, and the distribution of
similar characteristics of the region wavelet changes can be more effective in
extracting the direction of the texture feature changes. The above algorithm is
effective in detecting the directionality of text, but there is another problem,
namely, the problem of text block construction.

In this paper, experiments are conducted on a large number of multimedia
images of Web English educational resources. The experimental images
contain high-quality training and testing data from commercial Web English
educational resources crawled from the Internet. Each image contains one or
more pieces of text in Web English educational resources. To train the SVM
classifier, this paper arranges 200 image Web English educational resources
in the training set and the test set respectively.

By extracting the set of edges, it is possible to identify connected fields
that are regularly arranged in the image. As shown in Figure 8, the next step
is to remove these areas that are mistaken for text (called pseudo-text areas
in this paper). Besides, detecting text blocks may result in overlap, e.g., when
two or more horizontally aligned texts are close enough to each other that



1068 W. Du et al.

1.0
- Training Sets Il Test Sets
0.8 -
:\5 0.6 -
=
3 L
e
3 04
Q
< -
0.2 -
0.0 T R B

-1 0

~
©
©
N
o
[N

Tlme(ms)

Figure 8 Comparative analyses of the effect of image resources on algorithm performance.

multiple vertically aligned texts may be constructed when detected vertically.
The identification and elimination of pseudo-text regions and overlapping
phenomena are the main tasks of Wenmu-area fusion. From the bionics point
of view, since the text is arranged in a regular pattern, when people browse
the text, the stimulus of the text to the human eye is always passed from one
word to the next, which means that the stimulus of the text to the human eye
is directional, and the direction of the stimulus is the direction of the text
arrangement. Besides, people can always smoothly navigate through a line of
text word by word, that is, without stopping between words. For this reason,
the stimulation of text to the human eye is much larger than the stimulation
of the space between negligible words. As shown in Figure 9, when we try to
navigate horizontally aligned text in a vertical direction, we can always feel
that the human eye is drifting, i.e., the stimulus is not in a straight line. Based
on the above observations, this paper attempts to quantify the textual stimulus
to the human eye, defined here as the energy of the font. The stimulus to
the human eye can be simulated when the browsing direction and the text
alignment are the same, and the stimulus to the human eye can be simulated
when the browsing direction and the text alignment are not the same.

3.4 An Application of the LDA Model for Loading and Tagging
Web-based English Education Resources

The prototype system of Web English education resource loading and annota-
tion is designed to improve the mismatch of Web English education resources
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and improve the performance of Web English education resource service
system, which includes online subsystem and offline subsystem. The online
subsystem mainly obtains related information such as student ID, site ID,
page ID, etc., and then gets the Web English education resources through the
Web English education resources data access module and loads them into the
Web English education resources. The offline part mainly provides semantic
annotation and sorting functions for the Web English education resources.

From the figure above, we can see that the semantic annotation of the Web
English education resources and the Web English education resources sorting
algorithm are the core modules of the Web English education resources
loading system, which are the key and guarantee to reach the best matching
among students, target Web English education resources and Web English
education resources. We will analyze the contents of each module and the
technical methods used by each module.

As shown in Figure 10, the Web English Education Resource Data Access
module accepts the Web English Education Resource Service request sent by
the student (the browser), which contains all the information of the publisher,
and subsequent billing relies on this key information. The Web English
Education Resource Service request is generally sent as JavaScra.pt, which
is highly scalable and can be dynamically displayed using Javascript with a
text-based approach. In this system, students are required to implant detailed
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Figure 10 Schematic diagrams of the prototype architecture of the Web English educational
resource loading an annotation system.

identifiers of the Web English educational resources display context when
they send Web English educational resources service requests, including
publishing site ID, the target page ID, and student ID.

Web Business Access to English Educational Resources module is
responsible for developing the Web Business Access to English Educational
Resources protocol for the Web English Educational Resources Loading and
Marking Prototype System and Wedsite. In this system, this module is mainly
used to enter the web site’s usage logs to engage students. Before the Web
site’s usage log is used to load and mark the prototype system of Web English
educational resources, it is necessary to use the relevant data protocol to filter
out irrelevant records and incomplete records, and after entering the system,
it is necessary to store them following the phased storage format and store
them in the database of students’ personalized information. When the student
information is stored, the student’s identifier should be checked or set to
ensure the consistency and integrity of the student’s personalized information.
It is a key component of the offline subsystem, and the system doesn’t
need to capture student usage logs. It is also important to define protocols
for how to update and maintain the logs when new ones are added to the
system.
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4 Conclusion

The development and application of semantic annotation technology provide
new ideas and methods for the construction of basic Web-based English
education resources. The use of LDA semantic modeling technology can
my potential topics and keywords in document resources, provide semantic
metadata in addition to basic metadata for the construction and sharing of
resource repositories, and provide more reference information for teachers
and students using Web-based English education resources. From the experi-
mental results, the “document-topic-keyword” semantic model obtained from
LDA modeling of Web English educational resources can enrich the metadata
description of the resources from the document semantic level, and its com-
putational performance is improved by the parallel Map/Reduce algorithm.
This is a sufficient advantage for the computing environment.

The value of this paper is to use LDA topic modeling to automatically
perform semantic analysis and topic modeling on documents in repositories,
and provide technical support for semantic annotation of repository resources.
In this paper, we propose a semantic annotation-based approach to solve the
relevant matching problem among the subjects of Web English education
resources in the loading process of Web English education resources. The
procedure is as follows: Firstly, the target Web English education resources,
student interests, and Web English education resources are semantically
annotated, and their semantic features are extracted. The semantic features
of these resources are extracted. The relevance features of the target Web
English education resources and the Web English education resources are
extracted and ranked according to their degree of relevance to get the
first-round Web English education resources ranking results; finally, the rel-
evance features of student interest and Web English education resources are
extracted and the results of the first-round Web English education resources
are re-ranked according to their degree of relevance to get the final Web
English education resources ranking results. Based on the semantic anno-
tation method, the correlation matching problem between subjects of Web
English educational resources is transformed into a semantic correlation order
problem, which can be analyzed and solved by using mature text processing
technology. The shortcoming of this study is that the LDA semantic modeling
technique is still at the experimental research stage and needs to be tested
in practice. The resources involved in this study are lesson plan documents,
while the LDA semantic modeling of short texts needs to be further solved for
multimedia resources such as audio, video, and Flash animation. Besides, the
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LDA model needs further attempts in timely data processing for the growing
number of Web-based English education resources every day.
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