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Abstract. 
In order to shorten the time for users to query news on the Internet, this paper studies and designs a network news data extraction technology, which can obtain the main news information through the extraction of news text keywords. Firstly, the TF-IDF keyword extraction algorithm, TextRank keyword extraction algorithm, and LDA keyword extraction algorithm are analyzed to understand the keyword extraction process, and the TF-IDF algorithm is optimized by Zipf’s law. By introducing the idea of model fusion, five schemes based on waterfall fusion and parallel combination fusion are designed, and the effects of the five schemes are verified by experiments. It is found that the designed extraction technology has a good effect on network news data extraction. News keyword extraction has a great application prospect, which can provide the basis for the research fields of news key phrases, news abstracts, and so on.

1. Introduction
With the development of Internet technology, online news is growing exponentially, and users can get the latest news at home and abroad in real time through mobile phones and other mobile terminals [1]. But in the Internet, the news content is uneven, there are a lot of induced content, lack of news authenticity, it is difficult for users to accurately find the actual needs of the content in the massive network news. At this time, a kind of network news data extraction technology based on text keywords is designed, which can help users accurately locate valuable news [2]. Keywords in text keywords refer to a kind of refined vocabulary to obtain information. The traditional manual keyword extraction work cannot meet the needs of big data news text at this stage, and automatic text keyword extraction technology is imperative [3]. Online news text automatic keyword extraction technology can save users’ reading time and, at the same time, assist users to screen out junk news and quickly obtain news content [4]. In view of this, this research will develop a kind of network news text data extraction technology based on text keywords, so as to enhance the quality of news reading and save users’ time.
In order to reduce the dependence of Web text keyword extraction on large annotated text corpus, Campos et al. designed an unsupervised automatic keyword extraction method to extract keywords from a single document through multiple local features [5]. Li and other scholars proposed to infer topic distribution bias labels by the topic model algorithm and construct a weighted graph by using random walk algorithm, introduce offset hash random walk on a weighted graph, and extract text keywords by combining labels [6]. Kolokas and other researchers designed a text keyword extraction method based on a recurrent neural network. The network model can map the text keyword sequence to the whole text and perform continuous re-representation of keywords, which has a good keyword extraction effect [7]. Onan and other scholars have investigated the most commonly used keyword extraction methods, such as the measure based keyword extraction method, word frequency-inverse sentence frequency based keyword extraction method, cooccurrence statistical information based keyword extraction method, eccentric keyword extraction method, and TextRank algorithm. After that, they proposed the combination of keyword based text document representation and ensemble learning, which can significantly improve the efficiency of keyword extraction and improve the prediction performance of the text classification scheme to extend the performance [8]. With the continuous improvement of the level of science and technology, the number of on-board applications such as car navigation has increased, and the amount of social data of cars has increased sharply. Cloud based vehicle data processing methods have emerged. In order to protect the data from being accessed, Yang et al. proposed a keyword extraction measurement method based on specific text spatial distribution, which requests access through the extracted keyword index, so as to achieve data encryption protection [9].
The progress of digital technology has fundamentally affected the society. Hofmann and other researchers integrate text data from different information sources through text mining technology, process it into an analytical and readable relationship network between technologies, and then study the dynamic system of related technologies [10]. Sapozhnikova and other scholars use the convolutional neural network to classify the news information text of Internet information portal and realize the semantic preprocessing of the text through the open word2vec model. In the network news data extraction, the classification accuracy reaches 84% [11]. With the popularity of social media, users’ travel preferences can be obtained from users’ historical mobile records on social media. Wen et al. designed a representative travel path framework based on keyword perception, extracted knowledge from users’ historical mobile records, and successfully completed the travel route recommendation experiment [12]. Ranjan and Prasad used semantic keywords and BPlion neural network algorithm to automatically classify text. Through experiments on data sets, the results show that the accuracy of text classification can reach 90.9% [13]. In the era of big data, with the rapid increase of network digital resources, short text resources show great vitality. Wang and his team analyzed the classification of Chinese short text under low granularity features (keywords) by comparing the classification ability of different Chinese fragments [14].
These methods have made great progress in keyword extraction, text classification, retrieval, and so on, but there is a lack of relevant research on network news data extraction technology. Although many researchers have designed different types of text keyword extraction methods, the method has strong pertinence and cannot be directly used for news data extraction. In order to save time for users to get the news, this paper designs a kind of network news data extraction technology based on text keywords on the basis of considering the characteristics of network news.
2. Design of Network News Data Extraction Technology
2.1. Keyword Extraction Scheme of Network News Text
With the popularity of search engines and social networks, the way people get information has changed, and the Internet has become an important position for information sharing. Major news portals have launched news mobile clients, resulting in a surge of online news data [15].
As can be seen from Figure 1, the number of mobile Internet news users has increased from 366.51 million in 2013 to 660.2 million in 2019; as of June 2019, the number of Internet news users in China has reached 686 million, an increase of 11.14 million compared with the end of 2018. Through the analysis of user behavior logs, infer user reading preferences, and then push network news to different users so that users have stickiness to the news client. How to accurately extract network news data and achieve “precise and accurate” news push is a powerful tool to save users’ time, improve users’ reading quality, and improve users’ stickiness to news clients [16].


	
		
	
		
	
		
	
		
	
		
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
	
		
	
	
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
	
	
		
		
	
	
		
		
	
	
		
		
	
	
		
		
	
	
		
		
	
	
		
		
	
	
		
		
	
	
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	













Figure 1: Scale and utilization rate of mobile Internet news users from 2013 to the first half of 2019.


Network news usually focuses on reporting some social events. Generally, only a few keywords are needed to let users understand the main content of the news. Therefore, the extraction of network news data can be summarized as the extraction of keywords in the network news text [17]. Keyword extraction methods are divided into supervised extraction and unsupervised extraction according to whether training samples are needed. This paper mainly studies unsupervised extraction methods, including term frequency–inverse document frequency (TF-IDF) extraction algorithm, TextRank algorithm, and LDA (late Dirichlet allocation) topic model algorithm [18]:
Formula (1) is the calculation formula of term frequency (TF), where  refer to the word and the text corresponding to the word respectively; nij refers to the number of times the word I appears in text J; the total number of words in text J is represented by Nj:
Formula (2) is the calculation formula of inverse document frequency (IDF), the total number of texts is N, and the total number of texts containing word I in the corpus is ni:
Formula (3) is the calculation formula of TF-IDF. It can be seen that the larger the TF-IDF value of a word i is, the more likely it is to be a keyword of text j. TextRank algorithm divides the text into several constituent words and constructs the word graph model. Take the automobile network news as an example; see Figure 2 for details.


	
		
	
		
			
			
			
			
			
			
			
			
			
		
	
	
		
	
		
			
			
			
			
			
			
			
			
			
			
			
		
	
	
		
	
		
			
			
			
			
			
			
			
		
	
	
		
	
		
			
			
			
			
			
			
		
	
	
		
	
		
			
			
			
			
		
	
	
		
	
		
			
			
			
			
			
			
		
	
	
		
	
		
			
			
			
			
			
		
	
	
	
	
		
	
	
	
		
	
	
		
	
	
		
	
	
		
			
	
	
		
			
	
	
		
			
	
	
		
	
	
		
			
	













Figure 2: Representation of text graph model.


According to the network diagram shown in Figure 2, the degree of connection between words is explored, the words are scored, and the keywords are obtained by ranking the scores. Set the constructed word graph model as , which is a set of vertices and edges, so the set of all vertices and the set of all edges on the network graph G are represented by V and E in turn. The set of vertices that any vertex  points to is , the set that points to other points is , and :
Equation (4) is the scoring formula of the vertex  of the weighted graph, d is the damping coefficient, and d is 0.85:
Equation (5) is the scoring formula when there is a fixed weight between two vertices, where  is the weight between  and , d is the damping coefficient, and d is 0.85. LDA topic model algorithm combines words and documents which are not directly related by topic to fit the distribution of word text topic.
The original TF-IDF algorithm has the disadvantages of low extraction efficiency and poor extraction accuracy. This paper proposes to introduce Zipf’s law and chi-square test to improve the original TF-IDF algorithm, in which Zipf’s law is responsible for obtaining weights of different frequencies, and chi-square test is used for keyword extraction. When there are m words in the longer text j, the words with more times appear in the first place and the words with fewer times appear in the second place. The words are ranked by the rank number (word rank) r. When the number of words is nm, there is , and C is a constant fluctuating around a fixed value. Most of the online news is in the form of short text, and the frequency of the same word in a single text j is not more than 5 times. The same frequency words are sorted by the maximum method [19, 20]:
Formula (6) is the formula for calculating the number of words In with the same frequency, and the value of rn is the word rank. When the number of words nm ≤ 5, there is , , where , n are word frequency. The proportion of each word frequency in the same text can be counted by , and  and m are approximate constants of the product of word rank and nm.
It can be seen from Table 1 that, with the increase of n, the value of  decreases. Because the importance of low-frequency words in short news texts is very low, when extracting network news data, we can first judge whether the word frequency of each word is greater than 1, and if so, calculate the IDF value:
Table 1: The relation table of  value with n value.
	

		1	2	3	4	5
	

		1/2	1/6	1/12	1/20	1/30
	



Equation (7) is the expression of the chi square test . When  (degree of deviation) is very small, it is judged as error, where A and E refer to the actual value and the theoretical value, respectively:
Equation (8) is based on the principle of Zipf’s law and the chi-square test (tf-idf-k), and there is a chi-square value .
As shown in Figure 3, first preprocess the news text through Jieba word segmentation, then filter the stop words, and count the number of times each word appears, remove the words with word frequency of 1, calculate the TF-IDF value and chi-square value K, multiply to obtain the tf-idf-k value, and arrange them in descending order. The top words are the output results, that is, the text keywords.


	
		
	
	
		
	
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
		
		
		
	
	
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
	
	
	
	













Figure 3: Algorithm flow chart.


2.2. Network News Data Extraction Scheme Based on Model Fusion
Model fusion can significantly improve the accuracy of network news data. Two model fusion schemes are proposed: the first is waterfall fusion and the second is parallel combination fusion.
As shown in Figure 4, waterfall fusion is in the form of cascading multiple algorithm models, using different algorithms for filtering, so as to get the final result. In the process of waterfall fusion, the previous activity is taken as the input, the result filtered by the previous algorithm is taken as the input filtered by the next algorithm, and the candidate results are continuously screened, so as to obtain the final result with less quantity and high quality [21].


	
		
	
	
		
	
		
		
		
		
		
		
		
		
	
	
		
	
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
		
		
		
	
	
	
	
	
	
	
		
		
	
	
	
	
	













Figure 4: Waterfall fusion flow chart.


As can be seen from Figure 5, parallel combination fusion extracts keywords from the original document through several groups of algorithms and then scores the keywords in the way of parallel voting, so as to select the optimal result. The three extraction algorithms described in Section 2.1 all have defects. TF-IDF relies heavily on corpus and its accuracy is affected by IDF; the TextRank algorithm has too high computational complexity; and the LDA algorithm cannot feed back accurate document topics. Combined with the characteristics of different fusion models, two kinds of waterfall fusion network news keyword extraction schemes are proposed.


	
		
	
	
		
	
		
			
			
			
			
			
			
			
			
		
	
	
		
			
			
			
			
			
			
			
			
			
			
		
	
	
		
			
			
			
			
			
			
			
			
			
			
		
	
	
		
			
			
			
			
			
			
			
			
			
			
			
			
		
	
	
		
			
			
			
			
			
			
			
			
			
			
		
	
	
		
			
			
			
			
			
			
			
			
			
			
			
			
			
			
		
	
	
		
			
			
			
			
			
			
		
	
	
		
			
			
		
	
	
		
	
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
			
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
	
		
	
	
		
			
	
	
		
			
	
	
		
	
	
		
			
	
	
		
	













Figure 5: Flow chart of parallel combination fusion.


Figure 6(a) is Scheme 1: first, TF-IDF algorithm, and then TextRank algorithm. After word segmentation and stop words removal, the part of speech is filtered and the word frequency n is counted. The TF-IDF value is calculated and sorted according to the TF-IDF value of each word. When the number of times is greater than 50, reorder; when the number of times is not greater than 50, calculate the TextRank value, sort, and output keywords according to the serial number of each word. Figure 6(b) is Scheme 2: first, TF-IDF algorithm, and then LDA topic model algorithm.
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(b)
Figure 6: Two methods of keyword extraction for online news based on waterfall fusion. (a) Scheme 1 flow chart. (b) Scheme 2 flow chart.


The three design schemes in Figure 7 do not consider the sequence. Scheme 1 in Figure 7(a) is the parallel combination of the TF-IDF algorithm and the TextRank algorithm; Scheme 2 in Figure 7(b) is the parallel combination of the TF-IDF algorithm and LDA Algorithm; Scheme 3 in Figure 7(c) is the parallel combination of the LDA algorithm and the TextRank algorithm. The general process of the three schemes can be summarized as follows: input the network news text, process the text by word segmentation, stop words removal, part of speech filtering, and count the word frequency n. The two parallel algorithms sort the words at the same time, list the candidate keywords, output the final keywords by using the parallel fusion method, and complete the key information extraction of network news [22]. In this study, the accuracy rate, recall rate, and F1 value are used to evaluate the effect of online news keyword extraction. The expression of accuracy is shown in 
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(c)
Figure 7: Design of three kinds of parallel fusion network news keyword extraction scheme. (a) Scheme 1 flow chart. (b) Scheme 2 flow chart. (c) Scheme 3 flow chart.


Formulae (10) and (11) are the expressions of recall rate and F1 value in turn, where TP refers to the situation where the label is a positive sample and the prediction is a positive sample; FN refers to the situation where the label is a positive sample but the prediction is a negative sample; FP refers to the situation where the label is a negative sample but the prediction is a positive sample; TN refers to the situation where the label is a negative sample and the prediction is a negative sample.
3. Application Effect and Discussion of Network News Data Extraction Technology
3.1. Practical Application Effect of Network News Data Extraction Technology
In order to verify the application effect of the network news data extraction technology proposed in this study, the next stage is the experimental analysis of different schemes. In the experiment, windows 10 system is selected as the experimental operating system, i7 processor is used, and memory is 16g; pychar + python3.6 is selected as the development tool; and 100 network news of ten categories are selected to carry out the experiment.
In the waterfall fusion experiment design, Scheme 1 uses TF-IDF algorithm to extract keywords through the TextRank algorithm; Scheme 2 also uses the TF-IDF algorithm to extract keywords through LDA topic model. The specific experimental results are shown in Table 2.
Table 2: Comparison of experimental results.
	

	Title	Standard keywords	Scheme 1	Scheme 2
	

	Corruption Involved in Several Private Kindergartens in South Korea: Embezzling Operating Expenses to Buy Valuable Jewelry	South Korea	South Korea	Kindergarten
	Kindergarten	Examination	Subsidy
	Corruption related	Appropriation	Investigate
	Examination	Official	Examination
	Appropriation	Embezzlement	A citizen
	



In Table 2, “Several Private Kindergartens in South Korea Are Involved in Corruption: Embezzling Operating Expenses to Buy Valuable Jewelry” is selected as the extraction object of online news. And through the two schemes for news important information extraction, it can be seen that compared with the standard keywords, it is obvious that the network news keywords extracted by Scheme 1 are closer to the gold standard than those extracted by Scheme 2; that is to say, Scheme 1 has better network news information extraction performance. Select 100 network news texts of ten categories, detect all network news keywords through Scheme 1 and Scheme 2, respectively, and record the time consumed by the two schemes when extracting the key information of the same network news, as shown in Figure 8.


	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
		
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
		
			
				
			
			
		
		
			
				
			
			
		
		
			
			
			
			
			
			
			
		
		
			
			
			
			
			
			
			
		
	
	
		
			
		
		
			
			
		
		
			
			
		
		
			
			
		
		
			
			
		
		
			
			
			
		
		
			
			
			
		
		
			
			
			
		
		
			
			
			
		
		
			
			
			
			
			
			
			
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	













Figure 8: Efficiency comparison chart of keyword extraction.


Figure 8 shows the time taken by the two schemes to extract different types of network news keywords. From the analysis of the time taken to extract the key information (keywords) of 10 kinds of network news, the overall time taken to extract keywords in Scheme 1 is much less than that in Scheme 2; the average time taken to extract keywords in Scheme 1 is 43.87 s, and that in Scheme 2 is 138.74 s. The above results show that Scheme 1 has obvious advantages in the time consumption of key information extraction of network news. Ten categories of 100 online news are selected as the experimental objects to compare the recall and accuracy of the two waterfall fusion algorithms. The specific results are shown in Figure 9.
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(b)
Figure 9: Comparison of recall and accuracy of two waterfall fusion algorithms. (a) Recall comparison. (b) Accuracy comparison.


Figure 9(a) shows the recall comparison results of the two waterfall fusion algorithms. On the whole, the recall rate of Scheme 1 is higher than that of Scheme 2; the average recall rate of Scheme 1 is 0.47, and that of Scheme 2 is 0.34, which is 0.13 lower than that of Scheme 1. Figure 9(b) shows the accuracy comparison results of the two waterfall fusion algorithms. On the whole, the accuracy of Scheme 1 is higher than that of Scheme 2; the average accuracies of Scheme 1 and Scheme 2 are 0.38 and 0.31, respectively, and the average accuracy of Scheme 1 is 0.07 higher than that of Scheme 2. The above structure shows that the key information (keywords) acquisition performance of Scheme 1 is better than that of Scheme 2.
In Table 3, online news titled “Japanese College Students’ Gathering Led to the Collapse of the Apartment Floor and 30 People Injured” is selected as the experimental object, and three different parallel combination fusion algorithms are adopted to extract the key information of the news. Compared with standard keywords, Scheme 1 (TF-IDF algorithm and TextRank algorithm combined in parallel) is better than Scheme 2 and Scheme 3 in extracting key information of online news. Then, three different parallel combination fusion schemes are used to extract keywords from ten groups of different categories of 100 online news, the specific time consumed by different schemes in extracting key information of different categories of online news is counted, and the average value is calculated. See Figure 10 for details.
Table 3: Comparison of three parallel combination fusion experiments.
	

	Title	Standard keywords	Scheme 1	Scheme 2	Scheme 3
	

	30 People Injured in Apartment Floor Collapse Caused by Japanese College Students’ Party	Japan	University	University	Accident
	College student	Accident	Accident	University
	University	Japan	Investigation	Play
	Apartment	Happen	Indoor	Happen
	Accident	Hold	Student	Party
	





	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
		
	
	
		
		
	
	
		
		
	
	
		
		
	
	
		
		
	
	
		
		
		
	
	
		
		
		
	
	
		
		
		
	
	
		
		
		
	
	
		
		
		
		
		
		
		
	
	
		
	
		
		
	
	
	
	
	
	
	
	
	
	
	
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
	
	
		
		
		
		
		
		
		
	
	
		
	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		
	
	
		













Figure 10: Comparison of three parallel schemes for keyword extraction.


Figure 10 shows that the average time consumption of Scheme 2 (parallel combination of LDA topic model algorithm and TF-IDF algorithm) in extracting key information of online news is 92.19 s; Scheme 3 (parallel combination of TextRank algorithm and LDA topic algorithm) in extracting key information of online news is 140.78 s; Scheme 1 (TF-IDF algorithm and TextRank algorithm combined in parallel) extracts the key information of network news, the average time of key information extraction is only 44.77 s. Next, compare the recall rate and accuracy rate of three parallel combination fusion schemes in keyword extraction, and realize the quality comparative analysis of three different parallel combination fusion schemes, as shown in Figure 11.
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(b)
Figure 11: Quality comparative analysis of three parallel combination fusion schemes. (a) Recall comparison of three parallel combination fusion schemes. (b) Accuracy comparison of three parallel combination fusion schemes.


According to Figure 11(a), the average recall rate of Scheme 2 (parallel combination of LDA topic model algorithm and TF-IDF algorithm) is 0.34; Scheme 3 (parallel combination of TextRank algorithm and LDA topic algorithm) is 0.22; and Scheme 1 (parallel combination of TF-IDF algorithm and TextRank algorithm) is 0.54. From the overall situation of recall rate, the recall rate of Scheme 1 is better than that of Scheme 2 and Scheme 3. Figure 11(b) shows that the average accuracy of Scheme 2 is 0.29, that of Scheme 3 is 0.21, and that of Scheme 1 is 0.35.
In Figure 12, “hot” refers to the popular recommendation method, “I” and “I” refer to the method based on waterfall fusion scheme and the method based on parallel combination fusion scheme, respectively. As can be seen from Figure 12, the effect of popular recommendation is the worst. This is because the popular recommendation method only finds out the popular news list according to the news browsing data of the previous day, filters the news list that users have not browsed, and directly recommends.


	
		
			
	
	
		
			
	
	
		
			
	
	
		
			
	
	
		
			
	
	
		
	
		
	
		
	
		
	
		
	
		
	
		
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
		
			
			
			
			
		
		
			
			
			
			
		
		
			
			
			
			
		
		
			
			
			
			
		
		
			
			
			
			
		
		
			
			
			
			
		
		
			
			
			
			
		
		
			
			
			
			
		
		
			
			
			
			
			
			
			
		
	
	
		
			
		
	
	
		
			
		
	
	
		
			
		
	
	
		
			
		
	
	
		
			
		
	
	
		
			
		
	
	
		
			
		
	
	
		
			
		
	
	
		
			
				
			
			
		
		
			
				
			
			
		
		
			
				
			
			
		
		
			
				
				
			
		
		
			
				
				
				
			
		
		
			
				
				
				
			
		
	













Figure 12: Comparison of news recommendation results under different key information extraction algorithms.


3.2. Discussion on Experimental Results
News keyword extraction can help users distinguish junk news and get news content quickly, which has great application prospects. Model fusion is a high-performance classifier composed of multiple classifiers [23]. The research adopts parallel combination fusion technology and designs network news data extraction technology, which can not only realize the accurate extraction of keywords but also greatly shorten the operation time and reduce the budget complexity. For the experimental results of parallel combination fusion extraction, it needs to be carried out from three aspects: intuitive comparative analysis, time comparative analysis, and quality comparative analysis. Among them, intuitive comparative analysis refers to the comparative analysis of the experimental results and the gold standard; time comparative analysis refers to the comparative analysis of the time of extracting network news keywords from the three schemes; quality comparative analysis refers to the respective standard of the three schemes. The accuracy rate and recall rate were compared and analyzed.
From the analysis of the key information extraction time of network news, the average time-consuming of LDA topic model algorithm and TF-IDF algorithm parallel combination is 92.19 s; the average time-consuming of the TF-IDF algorithm and TextRank algorithm parallel combination is only 44.77 s. In other words, the TF-IDF algorithm and TextRank algorithm have better time efficiency in network news data extraction. Compared with TF-IDF algorithm, TextRank algorithm, and LDA topic model algorithm, the time consumption of the proposed algorithm on key information of online news is significantly reduced. The average accuracy of the parallel combination of the LDA topic model algorithm and TF-IDF algorithm is 0.29; the average accuracy of the parallel combination of the TextRank algorithm and LDA topic algorithm is 0.21; the average accuracy of the parallel combination of TF-IDF algorithm and TextRank algorithm is 0.35. It can be seen that the accuracy of the TF-IDF algorithm and TextRank algorithm parallel combination is the best, suggesting that researchers can start from this combination to further optimize the key information extraction technology of network news [24].
In addition to the consideration of extraction time and accuracy, whether the extracted information meets the needs of users is also very important. In order to compare the application effect of the proposed scheme in the network news data extraction, the research will be based on the above two advantage schemes: first, the TF-IDF algorithm and then TextRank algorithm waterfall fusion scheme, TF-IDF algorithm, and TextRank algorithm parallel combination fusion scheme. The extracted network news keywords are combined with the analysis of different users’ historical browsing behavior trajectory, and the corresponding users have analyzed Recommend sex news. And through a recommendation contest platform to score the recommendation effect, compare the news recommendation effect of popular recommendation method, method based on waterfall fusion scheme, and method based on parallel combination fusion scheme and then evaluate the effect of network news data extraction under different methods. From the experimental results, we can see that the popular recommendation method lacks the extraction of network news keywords, and the content lacks pertinence when recommending news to users. Secondly, based on the waterfall fusion scheme, this method can quickly grasp the key information contained in the news through the extraction of network news keywords, improve the pertinence of news recommendation, and effectively shorten the energy consumption and running time in the process of news recommendation. However, the effect of news recommendation based on the waterfall fusion scheme is slightly worse than that based on the parallel combination fusion scheme. This is because in the parallel combination fusion scheme, the two algorithms (TF-IDF algorithm and TextRank algorithm) are not in order, and the corresponding recall rate is high. The more the extracted keywords fit the actual content of news, the more the recommended news is easy to be used as Reading interest.
4. Conclusion
With the rapid development of network news, news content presents an uneven phenomenon, media maliciously exaggerate reports, attract traffic phenomenon is common, and it is difficult for users to quickly obtain the required news content from the massive network news. Network news data extraction technology based on news text keyword extraction has become an effective tool to solve this problem. In view of this, this experiment starts with the unsupervised keyword extraction method and improves three algorithms based on the analysis of TF-IDF algorithm, TextRank algorithm, and LDA topic model algorithm. The TF-IDF algorithm is improved by yuzipf’s law and chi-square test, and five different key information extraction schemes are designed by using waterfall fusion algorithm and parallel combination fusion algorithm combined with the above three unsupervised keyword extraction algorithms. In order to verify the key information extraction effect of different schemes, this paper selects 100 network news of ten categories as the keywords extraction object and verifies the key information extraction effect of network news from three aspects of visual comparative analysis, time comparative analysis, and quality comparative analysis. Finally, through the news recommendation contest, the paper compares the key information extraction effect of network news designed in this study from the side. The results show that the designed extraction technology has a good effect on network news data extraction, and the keyword extraction performance of model fusion is higher than that of traditional extraction methods. Although some achievements have been made in this study, Jieba word segmentation is directly used in the keyword preprocessing step, and the advantages of each algorithm model are not maximized. In the future, a voting mechanism will be introduced to maximize the advantages of each algorithm model, so as to give full play to the advantages of each algorithm model.
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