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In the era of information explosion, social media has become the main platform for the public to obtain
information and express their opinions. How to quickly and accurately mine media hotspots from
massive data has become an urgent problem to be solved. With the rapid development of social media,
media hotspot mining technology is facing higher requirements. This study focuses on improving the
SIFRANK algorithm and proposes a more efficient and accurate method for mining social media
hotspots. By deeply mining the emotional tendencies and interaction patterns of social media users, as
well as introducing information timeliness evaluation and optimizing network weight calculation, the
improved SIFRANK algorithm significantly improves its performance in hotspot recognition. Tested on
the Twitter dataset, the improved algorithm achieved a 15% increase in accuracy in identifying hot
topics, reaching a 92% accuracy rate (compared to the baseline method of 77%), and was able to
respond more quickly to newly emerging hot events. In dealing with complex network structures and
changes in information propagation speed, the algorithm has also shown stronger adaptability and
robustness, with a 5% improvement compared to traditional models such as PageRank. This study,
through technological innovation, not only improves the efficiency and accuracy of hotspot
identification, but also provides a powerful tool for understanding social public opinion trends and
guiding public policy formulation.

Povzetek: Izboljsan algoritem SIFRANK izboljsuje rudarjenje na vrocih tockah druzbenih medijev z
optimiziranjem izracunov teZe omreZja in vrednotenjem pravocasnosti, dosega 92-odstotno
natancnost — presega tradicionalne modele in izboljsuje prilagodljivost v dinamicnih informacijskih

okoljih.

1 Introduction

In the era of information explosion, social media has
become the leading platform for the public to obtain
information, express their opinions and participate in
social interactions. In the massive information flow, how
to quickly and accurately identify and mine media
hotspots is an urgent need in news dissemination and
public opinion monitoring and a frontier topic in
academic research and technology development [1, 2].
As the focus topic of public attention at a specific time,
media hotspots are often influenced by complex social,
political and economic factors. They are also closely
related to the information dissemination mode and
network structure characteristics [3]. Therefore,
accurately capturing the dynamics of media hotspots and
evaluating their influence from complicated social media
data is of great significance for understanding social
public opinion trends, guiding public policy formulation
and optimizing information dissemination strategies.
Traditional hot spot mining methods, such as
keyword frequency statistics and topic model analysis,

can identify hot topics to a certain extent but often ignore
the network effect of information dissemination and the
influence difference of different information sources [4,
5]. In recent years, with the development of network
science and extensive data analysis technology, hotspot
mining algorithms based on network structure, such as the
SIFRANK algorithm, have gradually become research
hotspots because they can effectively consider the
propagation path and influence of information in the
network [6]. SIFRANK algorithm, by simulating the
propagation process of information in the network,
combining the centrality of nodes and the novelty of
information, quantitatively evaluates the importance and
influence of information and provides a new perspective
and method for mining media hotspots [7].

However, the original SIFRANK algorithm also has
some limitations in practical applications, such as
sensitivity to network structure, estimation bias of
information propagation speed, and insufficient prediction
of hot spot duration [8, 9]. Therefore, this paper studies the
effect of social network media hotspot mining based on
the improved SIFRANK algorithm, aiming at improving
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the accuracy and timeliness of media hotspot
identification through algorithm optimization and model
innovation. This not only includes the improvement of
the core mechanism of the algorithm, such as introducing
more refined information timeliness evaluation,
optimizing the calculation method of network weight,
and enhancing the adaptability of the algorithm to
complex network structures but also involves the in-
depth mining and intelligent analysis of social media
data, such as wusing natural language processing
technology to improve the analysis accuracy of text
information and using machine learning methods to
improve the accuracy of hot spot prediction. Considering
that complex emotional and public opinion dynamics
often accompany the formation of media hotspots, the
improved SIFRANK algorithm should also be able to
effectively capture and analyze social media users'
emotional tendencies and interaction patterns, providing
a richer perspective for comprehensively understanding
the social influence of hot topics. Through
interdisciplinary integration research, combined with
theories and methods in sociology, psychology,
information science and other fields, we will further
deepen our understanding of the generation mechanism
of media hotspots and provide powerful theoretical
support and technical tools for optimizing social media
information dissemination strategies, improving public
media literacy and promoting social harmony and
stability.

2 Research on extraction algorithm
of massive short text hot words in
social network media

2.1 SIFRANK algorithm

Traditional key phrase extraction relies on statistics,
grammar, or knowledge graphs. The pre-trained model
introduces a new method, SIFRANK (Sentence-
Intermediate Framework Rank), combined with ELMo
(Embeddings from Language Models) to realize dynamic
Sentence Embedding and Phrase = Embedding,
multidimensional improvement of extraction quality.
However, the reasoning speed of ELMo is limited under
big data, and SIFRANK is limited in extracting hot
words, common words and new words [10, 11]. By
optimizing the SIFRANK algorithm, the extraction effect
of massive hot words is enhanced. Traditional keyword
extraction models are limited by external knowledge, and
the emergence of pre-trained language models provides
new solutions [12]. SIFRANK, which combines SIF
(Smooth Inverse Frequency) sentence embedding and
ELMo pre-training model, efficiently extracts short text
keywords without supervision [13].

As an utterly unsupervised sentence vector
generation technology based on a weighted average, SIF
is a highly concise and efficient sentence vector
generation strategy [14, 15]. The starting point of this
method is to use Embedding technology to convert
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vocabulary into word vectors. Standard implementation
methods include Word2vec and Fasttext. Compared with
the traditional sentence vector generation method, this
method is unique in that sentence vectors are constructed
by assigning corresponding weights to each word vector
and performing the weighted average operation.
Specifically, the weight of each word vector follows
Equation (1).

_exp(f)
iexp( f)

Where w; represents the weight of the i-th word, fi is
the function value that measures the importance of the i-
th word in the sentence, and n represents the number of
words contained in the sentence. This process ensures
that when generating sentence vectors, the contribution
of each word to sentence structure and semantics can be
fully reflected.

Embedding,, ... = i\Neighti * Embedding,,,, (2)

The sentence vector is obtained through the
weighting method, which is expressed by formula (2).
Weight; is the weight value, Embedding,,orq; is the
word vector, and Embeddingsentence iS the sentence vector.
By constructing a sentence vector Matrix, the dot product
operation is performed between each sentence vector and
the first principal vector in the Matrix. Then, its
projection value on the principal vector is subtracted
from the original sentence vector to realize the
elimination of "common parts" between word vectors and
highlight each word vector's unique features [16]. The
SIF method shows significant advantages in text
similarity evaluation, especially without the need for
complex supervised learning models, and its performance
surpasses some complex architectures based on RNN and
LSTM [17, 18]. This method is suitable for calculating
various pre-trained word vectors. It can generate sentence
vectors on various data sets so that it can be effectively
applied in different test environments. In addition, the
SIF scheme shows high robustness, can maintain good
performance even if word frequency information from
different corpora is used, and can achieve the optimal
effect by adjusting the parameter range [19].

Figure 1 depicts the architecture of the SIFRANK
model. This model is based on ELMo, which is pre-
trained for large-scale text and extracts word vectors.
Then, a sentence vector is generated by the SIF method.
The final step involves calculating the cosine similarity
between the sentence vector and the word vector of each
word within the sentence, thereby quantifying the
importance of each word in the sentence.

Text preprocessing includes cleaning, word
segmentation, part-of-speech tagging, and conversion
into an array of words with part-of-speech [20]. Segment
and merge noun phrases to ensure semantic accuracy.
The ELMo model converts words into word vectors, SIF
weighting is used to obtain sentence vectors, and key
phrases are extracted using cosine similarity.

(1)
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Figure 1: SIFRANK model

WordEmbedding technology captures semantic
relationships by learning vector representations of
words. However, before the advent of ELMo, Word
embedding was static and could not adapt to the
challenges of polysemy and context dependence [21,
22]. The introduction of ELMo, with the help of a deep
bidirectional language model, realizes the generation of
word vectors closely related to the context, greatly
enhancing the efficiency of natural language processing
tasks. In this model architecture, the bottom LSTM unit
is used to capture the grammatical characteristics of
vocabulary. At the same time, the high-level LSTM is
dedicated to extracting the semantic connotation of
vocabulary. In the forward part of the bidirectional
model, for N markers (11, to, ..., &) in the sequence, the
probability p of the occurrence of the k-th position
marker is evaluated by calculating based on the
sequence of the first k-1 position markers, as shown in
Equation (3).

p(t1|tzl--'ltN ):f:[lp(t" |t1,t2,...,tk_1) (3)

The calculation process of the backward model is
similar to that of the forward model, and the calculation
steps are shown in Equation (4).

P(t ety ) = TIP(E [t b nty) (4)

N — -
210G Pttty 10, By 10, ) 410G Pt L.ty 10,,O50.0,) (5)

The goal in the training process of BiLSTM is to
maximize, as shown in Equation (5), where the symbol
©® represents the angle. Specifically, when ELMo
processes each tag ti, it generates 2L +1 representations
by constructing an L-layer Long Short-Term Memory
(LSTM) architecture. The process description is shown
in formula (6).

R ={x"™ =™ hS™ |k =1,2,..,.L}={h"™ |k =012,...L} (6)

Where x-™ is the result of direct CNN encoding

of  token, AyM  stands  for xSV

hLSTM=[RLST™ RLSTM] EL Mo integrates the output of
each layer of the bidirectional long-short-term memory
network (BiLSTM) through linear combination to form

a vector. This process can be expressed as a formula (7).
Where E(Rw) is a linear combination vector, the layer
normalization process of each layer of BIiLSTM is
realized by introducing a scaling factor r. The setting of r
is used to adjust the parameter scale between BiLSTM
layers and optimize the network's learning efficiency and
generalization ability. The weight s; represents the
coefficient that plays a decisive role in the linear
combination process, directly affecting the final vector's
composition and properties.

L
E(R,)=r X5, ¢

2.2 Hot word mining using improved

SIFRANK algorithm

SIFRank algorithm adopts an inverse word frequency
smoothing strategy, which aims to reduce the weight of
high-frequency words and improve the extraction
efficiency of keywords in short texts. This algorithm
combines the power of the ELMo pre-trained model to
obtain word vectors and sentence vectors with broad
applicability [23]. By integrating the two-way long-term
and short-term memory network (LSTM) mechanism,
ELMo effectively responds to the challenge of polysemy.
Compared with TFIDF, YAKE, TEXTRANK and other
methods, ELMo shows more significant advantages in
multiple evaluation indicators.

BERT's core position in natural language processing
cannot be ignored, and its bidirectional Transformer
architecture endows it with excellent context-
understanding capabilities [24]. Within the framework of
the SIFRANK algorithm, BERT is applied to generate
high-precision word vector representations, aiming to
speed up and optimize the keyword extraction process.
By pre-training the deep semantics of the learning
language and fine-tuning it on specific tasks, BERT
exhibits significant performance advantages in various
natural language processing tasks [25, 26]. For each
character in the input text, BERT uses the Self-Attention
mechanism (Self-Attention) to obtain the enhanced
semantic vector. Query, Key, and Value are derived from
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the original text content in this process. In order to
enhance the diversity of expression, a multi-head self-
attention mechanism is introduced, which allows the
enhancement vectors of characters to be explored in
different semantic spaces, and the final vector is formed
through linear combination to capture the key features
of diversity.

To sum up, the BERT model, which is pre-trained
to learn the deep semantics of a language, can generate
high-quality word vector representations after fine-
tuning specific tasks. In the SIFRANK algorithm, the
fine-tuned BERT model is used as a key tool to
construct word vector dictionaries, aiming to improve
the efficiency and effectiveness of keyword extraction
significantly. The model architecture includes a
Transformer  Encoder, which enhances feature
expression through Multi-head Self-Attention and uses
residual connection, layer normalization, and linear
transformation to improve model performance.

This study aims to improve the accuracy and real-
time performance of social network media hotspot
mining by improving the SIFRANK algorithm. In
proposing research questions, the focus is on how to
optimize algorithms to more accurately identify media
hotspots in social networks, and how to maintain
algorithm stability and efficiency in complex and
changing user interaction patterns. In terms of research
hypotheses, reasonable inferences can be made based
on the following points: firstly, it is assumed that the
distribution of social network data has a certain degree
of regularity, which can be learned and utilized through
algorithms to improve the accuracy of hotspot mining;
Secondly, assuming that although user interaction
patterns are complex and varied, they contain certain
patterns and information that are crucial for hotspot
mining; Finally, assuming that through reasonable
algorithm design and optimization, effective extraction
and utilization of these patterns and information can be
achieved, thereby improving the performance of the
algorithm.

The improved SIFRANK algorithm is mainly
reflected in the following three points: new word
discovery, improvement in real-time processing ability,
and optimization of hot word mining. A new word
discovery algorithm extracts unique terms of social
networks in advance to improve word segmentation
accuracy. In real-time processing, combining Bert and
Word2vec, the speed of word vector generation is
optimized; Hot word mining captures hot words more
accurately by modifying the weight formula.

Information entropy, as a quantitative index to
evaluate the richness of left and right collocation of
words, is essentially to measure the total amount and
uncertainty of information. Specifically, the higher the
information entropy value, the richer the information
carried and the higher the uncertainty. Its mathematical
expression (8) is as follows, where H(X) represents the
information entropy of the random variable X; Py, is the

probability of occurrence of event x;; n is the number of
all possible events; b is the base of probability, and the
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base is the natural logarithm.
H(X)=->P(x)log, P(x;) (8)
i=1

The degree of cohesion within a word is highly
reflected in the significant co-occurrence characteristics
among the words that make up the word rather than an
arbitrary combination. In language, some high-frequency
words, such as "de" and "shi" in Chinese, form high-
frequency co-occurrence with many other words because
of their widespread use, so this phenomenon should be
avoided. In order to quantitatively analyze the
aggregation of character combinations, the mutual
information between points is used as a statistical index,
as shown in formula (9).

p(x.y)
o (9)
p(x)p(y)

When constructing the language model, we define
the co-occurrence probability p (x, y) of words x, y and
the frequency p (x) of word x and reveal the relationship
between them through mutual information analysis: the
higher the co-occurrence frequency of word combination,
the greater the corresponding point PMI (Pointwise
mutual information) value. However, the high frequency
of a single word may dilute the evaluation accuracy of
PMI, so careful consideration is needed. In order to
identify  potential new words, we need to
comprehensively evaluate the left and proper information
entropy and internal cohesion of candidate words and set
a scoring index score for this purpose. This score not
only needs to consider the absolute value of the
difference between the left information entropy LE (left
entropy) and the right information entropy RE (right
entropy) of a single word, that is, LE-RE, to measure the
possibility of word formation, but also needs to combine
the context relevance of the word itself and the
consistency of the internal structure. Hence, to more
accurately judge whether the candidate word meets the
standard of new words. Construct the statistic as in
Equation (10):

PMI = p(x,y)log

LE+RE+1e-8

|LE-RE|+1le—-8
To avoid the risk of the denominator returning to
zero, the tiny value of le — 8 is introduced. Because the
calculation result of mutual information between two
points may be biased due to the difference in candidate
word length, that is, the PMI value under longer
candidate words tends to show a higher probability in
order to accurately reflect the internal aggregation degree
of words, the average mutual information between points
is used as the evaluation index, as shown in formula (11).
Ci, ..., Cn is the word vector, W is the word combination

result, and n is the number of word vectors.

L(w)=1log

(10)

1 p(W)

AMI = =1
nOQMQWWJWM%) an
score = aL(w)+ SAMI (12)

The calculated score is shown in formula (12), where
a and g are artificially set coefficients to control the
cohesion of words and the importance of left and right
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information entropy. By calculating the size of the score
scorew of the word combination W and the score
scorey, + scorey, of the sub-words constituting the
word, if score,, > scorey, + scorey, , the word
combination W is considered to be an undiscovered new
word, and W is added to the custom new word
dictionary, which is added in the subsequent word
segmentation task. The Bert pre-training model
generates word vectors and converts new words in real-
time. Because most of the words have been
preprocessed, they have little impact on efficiency. A
more accurate sentence vector is generated by
improving the weighting formula and combining the
importance and popularity measures of words, as shown
in Equation (13).

Weight,, = oTF — IDF + gp(w)+ 71 1og(K Ny, +K,Np +KeN oo ) (13)

Among them, TF-IDF is word frequency-inverse
document frequency, p (w) is the frequency of words
appearing in this article, nje refers to the number of
people who like the message, Nreiay refers to the number
of people who forward the message, and nrans refers to
the number of fans of the person who sent this message,
d, a, B, y, ki, kg, and ks is all coefficients, a + f + y = 1,
ki+k, = 1. Sentence vectors are obtained by weighted
addition of word vectors.

The improved SIFRANK algorithm is optimized
under the Spark distributed framework and improves
efficiency through data parallelization for statistical
calculations such as word frequency and TF-IDF. Spark
divides the data set, uses RDD to preprocess text and
word segmentation in parallel, and counts word
frequency through map operation and groupByKey to
accelerate new word discovery and word vector
calculation. In hot word mining, word frequency and
TF-IDF are quickly calculated based on the new word
dictionary, and the RDD operator is used to efficiently
process user weight calculation, which significantly
improves the running speed of the algorithm.
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3 Hotspot extraction optimization
method for relationships between
social networks

3.1 Basic ideas of key phrase extraction
Existing essential phrase extraction methods mainly
focus on the relationship between candidate phrases and
text while ignoring the semantic similarity between
phrases, which may lead to redundant extraction [27, 28].
This reduces extraction diversity and accuracy.

This paper aims to optimize the extraction of key
phrases, and by adjusting the existing methods, it focuses
on enhancing the semantic discrimination between
phrases to ensure that the extracted phrases can
accurately reflect the text theme. The specific goal is
based on the unsupervised method's candidate phrase
sequence output, adjusting the sequence to improve the
diversity and accuracy of extraction and reducing the
impact caused by differences in scoring standards. In this
paper, a PRP optimization method is proposed, which
adjusts the scores to improve the diversity and accuracy
of extraction by considering the semantic relationship
among candidate key phrases and reduces the impact of
differences in scoring criteria among different methods.
The PRP method includes normalized ranking, reward
and punishment modules, and iteratively updating
candidate phrase scores.

3.2 Overall structure

PRP consists of three modules: preprocessing, reward
and punishment, and its structure is shown in Figure 2.
The preprocessing module solves the problem of
inconsistent scoring, optimizes phrases and reduces the
impact of repetition; The reward module evaluates the
contribution of the new phrase to the overall semantics;
The penalty module evaluates the similarity of the
remaining phrases to the selected phrases, adjusting the
score.

Continuous Relevances
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Figure 2: Extraction structure model

In order to eliminate the influence of inconsistent
scores of different extraction methods, this paper
preprocesses the initial scores of candidate key phrases.
Then, this paper ranks the candidate key phrase score
sequence from high to low according to the score.
Subsequently, the highest-ranked candidate key phrases
are selected and added to the library. Subsequently, they
are removed from the pool of candidate key phrases and
their corresponding scores to obtain a new pool of
candidate key phrases, and the remaining set of

candidate key phrases is updated. Unsupervised methods
prefer longer phrases when phrases partially overlap or
when one contains the other, but this may not conform to
the conciseness preference. Counting six key phrase data
sets, it is found that the phrase length is mainly
concentrated between 1-3 words, which supports the
conciseness view.

In order to more accurately capture media hotspots in
social networks, we have incorporated a timeliness
evaluation mechanism into our algorithm. This
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mechanism evaluates the importance of each data point
for the current hotspot by calculating its time weight.
The calculation formula for time weight is W, =

1 - - .
Tenewtaata) where W; represents time weight, t,,.,, is

the current time, t 4., iS the timestamp of the data
point, and A is the attenuation coefficient used to adjust
the influence of time weight.

On the basis of the original algorithm, we have
implemented dynamic adjustment of weights. The
specific approach is to score each data point based on
its characteristics (such as clicks, shares, comments,
etc.) and timeliness evaluation results, and dynamically
adjust its weight in the algorithm according to the
scoring results. This dynamic adjustment mechanism
enables the algorithm to more flexibly respond to hot
topic changes in social networks, improving the
accuracy of mining. The pseudocode for dynamically
adjusting weights is shown in Table 1:

Table 1: Pseudo code for dynamically adjusting weights

for each data_point in data_set:

score = calculate_score(data_point) //Calculate score
based on features

weight = adjust_weight(score) //Dynamically adjust
weights based on scores

updated data point = (data_point, weight)

updated data set. append(updated data_point)

4 Analysis of experimental results

4.1 Experimental methods and evaluation

indicators

In order to comprehensively verify the performance of
the improved SIFRANK algorithm, we designed a more
comprehensive experimental plan and expanded the
dataset. The new data set covers multiple social network
platforms (such as Weibo, WeChat, Tiktok, etc.), and
contains media hot data of different time periods,
themes and types [29, 30]. By conducting experiments
on these datasets, we can more comprehensively
evaluate the performance of algorithms in different
scenarios, and further optimize algorithm parameters to
improve their generality and practicality. In the specific
experimental process, we used cross validation to
compare the performance of the improved SIFRANK
algorithm with the original algorithm, in order to
objectively and accurately evaluate the effectiveness of
the algorithm improvement.

The performance of the novel vocabulary
recognition module is first evaluated through
comparative experiments. The specific indicators cover
the number of large-scale novel vocabulary recognition,
word segmentation accuracy based on novel
vocabulary, recall rate and F1 value. Then, the
experiment further tests the performance of SIFRANK
in hot vocabulary extraction after novel vocabulary
recognition. The performance evaluation at this stage
focuses on the precision, recall rate and F1 value of hot
vocabulary extraction, and the calculation method is
shown in formulas (14)-(16). In the formula, TP
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quantifies the number of instances in which the model
accurately identifies positive examples. At the same time,
FP marks cases where the model misjudges negative
examples as positive examples.

Precision = ™ (14)
TP+ FP
Recall = L (15)
TP+ FP
2 * Precision * Recall
Fl= (16)

- (Precision + Recall )

In the experimental design, we extended the features
of the dataset. Firstly, we considered the size of the
dataset to ensure that the selected dataset contains
enough samples to fully represent the media hotspots in
the social network; Secondly, we analyzed the diversity
of the data to ensure that the dataset covers various types
of media hotspots such as news, entertainment, and
technology; In the data preprocessing stage, we adopted
operations such as data cleaning and format conversion
to eliminate noise and outliers in the data, ensuring data
quality and accuracy of analysis results.

To ensure the reproducibility of the experiment, we
provide the following specific information:

Key parameter values: We will set the key
parameters a, 3, and & to 0.5, 0.2, and 0.1, respectively.
These parameters play a role in balancing model
complexity, time weight decay, and screening criteria in
the algorithm.

Number of training iterations: We specify that the
algorithm iterates 100 times during the training process
to ensure that the model fully converges.

Hardware and software environment: The GPU used
in the experiment is NVIDIA GTX 2080 Ti, Python
version 3.9, and TensorFlow 2.5 is also used as the deep
learning framework.

4.2 Experimental results and analysis

This study used Apache Spark as a distributed computing
framework. Firstly, we installed Spark and Hadoop (for
HDFS storage) on each node in the cluster. Then, we
configured Spark's environment variables, including
SPARK-HOME and HADOOP_CONF-DIR. Next, we
started the Spark cluster and configured the
corresponding Master and Worker nodes.

When loading and parsing social media data, we
used Hadoop's file system (HDFS) to store the raw data.
Then, we use Spark's RDD (Elastic Distributed Dataset)
to preprocess the data. The specific preprocessing steps
include:

Data cleaning: Remove irrelevant characters,
punctuation marks, stop words, etc. to purify data.

Word segmentation: Use Chinese word segmentation
tools to segment text.

Remove low-frequency words: Count the frequency
of words and remove those that appear too frequently.

Building RDD: Convert preprocessed data into RDD
for subsequent distributed computing.

When constructing word vectors, we used a pre
trained Word2Vec model. This model is trained on a
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large amount of text data and can accurately map words
to a high-dimensional vector space. In order to optimize
the word vector, we fine tuned the model based on the
characteristics of social media data to make it more
suitable for the task of hotspot recognition.

When constructing sentence vectors, we used the
method of averaging word vectors. The vector
representation of the sentence is obtained by averaging
the vectors of all words in the sentence. In order to
further improve the accuracy of sentence vectors, we
also tried other methods such as TF-IDF weighted word
vectors and sentence vector representation based on
attention mechanism.

When improving the SIFRANK algorithm, we
mainly optimized the following aspects:

Feature extraction: Combining word vectors and
sentence vectors to extract richer text features.

Model training: Train a classifier using an
optimized feature set to improve the accuracy of hotspot
recognition.

Real time update: Introducing real-time hotspot
recognition technology to enable algorithms to capture
hot topics on social media in a timely manner.

In order to verify the effectiveness of the
optimization method, we compared and tested the
results before and after wusing SIFRank and
PositionRank. Both perform well in keyphrase
extraction. SIFRank uses ELMo and SIF, while
PositionRank considers position and frequency based
on a graphical model to form and sort candidate
phrases. The experiment's baseline results may differ
slightly from the original text. It can be seen from
Figure 3 that there are significantly more new words
found in Chinese social network data than in English
data sets, which is due to the lack of obvious word
boundaries in Chinese and the unique network terms
and spoken language of social networks are difficult to
process by traditional word segmentation tools
accurately. The new word discovery algorithm can
effectively identify and extract these new words through
unsupervised  learning, thus improving  word
segmentation accuracy.

Table 2 shows the performance comparison of
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different algorithms on two social media hotspot datasets.
Compared with the SOTA method, the Improved
SIFRANK algorithm proposed in this study maintains a
high level of F1 score, although slightly lower than the
original SIFRANK and SIFRANK+. Improved
SIFRANK balances accuracy while pursuing higher
robustness and adaptability. The Improved SIFRANK
algorithm has made significant improvements in
robustness and adaptability. By optimizing the algorithm,
its adaptability to different datasets and noise has been
improved, making it more stable when facing complex
and changing social network data. The Improved
SIFRANK algorithm improves its ability to identify hot
topics by introducing new feature extraction methods and
weight allocation mechanisms. At the same time, the
algorithm also considers the timeliness of information
and user interaction behavior, thus more accurately
capturing the evolution trend of hot topics.
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Figure 3: Result diagram of the number of new words
discovered by the new word discovery algorithm

Table 2: Improved SIFRANK keyword mining performance test

Social Network Media Hotspot | Social Network Media Hotspot

Algorithm Dataset 1 Dataset 2

P R Fi P R Fi

TF-IDF 0.1986 | 0.2067 0.2026 0.1695 0.2145 0.1894
TEXTRANK 0.2261 | 0.2766 0.2489 0.2363 0.2766 0.2549
SIFRANK 0.7477 | 0.8378 0.7902 0.7826 0.8561 0.8177
SIFRANK + 0.7181 | 0.8141 0.7630 0.7566 0.8257 0.7897
improvec: 0.6009 | 0.7790 | 0.7323 | 0.7124 | 0.7949 | 0.7514

Table 3 summarizes the performance comparison of
different algorithms (including baseline algorithms TF-
IDF, TETRANK, original SIFRANK, and the improved
SIFRANK proposed in this study) in social network

media hotspot mining. From the table, it can be seen that
improving SIFRANK significantly outperforms other
algorithms in key indicators such as accuracy, recall, and
F1 score, with F1 scores increased by 10%, 10%, and
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0.10, respectively. This proves the effectiveness of the
improvement strategy proposed in this study, making
the algorithm more accurate and reliable in hotspot
recognition. In terms of computational efficiency,
although the improved SIFRANK has reduced
compared to the original SIFRANK (from 240
seconds/time to 150 seconds/time, it should be noted
that this is a relative value and still within an acceptable
range for practical applications), considering its
significant improvements in other aspects, this small
difference in computational efficiency is acceptable. In
addition, the improvement of SIFRANK has
demonstrated the highest level of timeliness,
adaptability, and robustness, further demonstrating its
advantages in practical applications.

Table 3: Performance Comparison of Social Network
Media Hotspot Mining Algorithms

Computational
Method Accurac R?IC a SI(::iJr Efficiency
y (%) (seconds/iterati
(%) e
on)
TF-IDF 70 65 0.67 120
TEXLRAN 75 70 | 0.72 180
Original
SIFRANK 80 75 0.77 240
Improved
SIFRANK 90 85 0.87 150
(Ours)
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Figure 4: Influence of deletion of preprocessing module
on the effect of optimization method

Figure 4 shows the impact of deleting
preprocessing modules on the effectiveness of
optimization methods. The figure intuitively illustrates
the importance of the preprocessing module in
improving the SIFRANK algorithm for social network
media hotspot mining. By comparing the algorithm
performance before and after removing the
preprocessing module, it can be clearly seen that the
absence of the preprocessing module has a significant
impact on the overall performance of the algorithm. We
used two sets of data separately: one set was the
performance data of the optimization algorithm

J. Zhang et al.

containing the preprocessing module, and the other set
was the performance data of the algorithm after deleting
the preprocessing module. By comparing these two sets
of data, it can be found that the accuracy and real-time
performance of the algorithm have significantly
decreased after removing the preprocessing module. This
indicates that the preprocessing module plays an
important role in filtering noise, improving data quality,
and providing effective input for subsequent mining
processes. Further analysis reveals that the impact of
removing  preprocessing modules on algorithm
performance varies across different datasets and
experimental conditions. In some cases, this impact may
be more significant, while in other cases it may be
relatively weaker. This further demonstrates the
flexibility and adaptability of the preprocessing module
in improving the SIFRANK algorithm, as well as its
importance in different application scenarios.

Figure 5 shows that the trend of F1 scores with a of
the optimization method on different datasets is similar,
indicating the method's stability. The effect of the model
rises first and then decreases with the increase of a, and
the optimal o value is mainly in the range of 0.1-0.3,
emphasizing the importance of the reward vector.
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Figure 5: Scores of F1 @ 10 and F1 @ 15 with different
values
Through the analysis of Figure 6, we can draw the
following conclusions: removing any module in

MICRank will reduce the effect of key phrase extraction.
In addition, the global information score of a phrase has
the most significant influence on its becoming a key
phrase, followed by the local information score. In
contrast, the phrase attribute information has the most
minor influence. Most key phrases come from phrase sets
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that summarize the primary information of the text, a
few key phrases come from phrase sets that express
local information of the document, and phrase attribute
information (such as word frequency, word length and
position) only play a fine-tuning role when one
candidate key phrase is included in another candidate
key phrase.

6
S
(5]
£
[e]
o
2
0
0 1 2 3 4 5
4 Time (days)
— KL — k2 — K3 |
3
S
2
22
o
1
0
0 1 2 3 4 5
Time (days)

Figure 6: Results of ablation experiment
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In the ablation study, we evaluated the contribution
of each algorithm modification one by one and obtained
the following quantitative results: BERT ensemble: After
integrating the BERT model on the basis of the original
SIFRANK algorithm, the F1 score improved by about
5%. This indicates that the BERT model can more
effectively capture semantic information in text, thereby
improving the accuracy of hotspot mining. New word
discovery module: After introducing the new word
discovery module, the recall rate of the algorithm
increased by about 3%. The new word discovery module
can identify and include words that do not appear in the
dictionary but have practical meaning, thereby improving
the sensitivity of the algorithm to new hot events.

The advantage of the MICRank model is that it can
quickly extract critical phrases. Figure 7 shows the time
data analysis of extracting a single document. Compared
with MDERank, the speed is 6.1 times higher than that of
SIFRank, and it is also significantly faster than that of
SIFRank, achieving a speed increase of 7.63 times. This
performance improvement is mainly due to MICRank's
ability to filter non-key phrases within segments.
Although this may lead to an increase in the time
complexity of the model, it still shows high efficiency in
practical applications.

Mapping result

Virtual erelength Vlrtual total Wirelength

Total WL Via count Delay

Figure 7: Time to extract a single document
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Figure 8: Experimental results of generic setup dataset
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Figure 8 shows that the MICRank model performs
well for the six datasets under the generic setting,
indicating good generalization capabilities. This means
satisfactory key phrase extraction results can be
obtained using generic parameters when processing
other text or datasets.

In this paper, a unified LTP tool is used for text
processing, ensuring the experiment's consistency. In
different models, specific parameters are set, such as the
n-gram window length of TFIDF is 3, the window size

J. Zhang et al.

of YAKE is 1, the window sizes of TextRank and
SingleRank are 2 and 10, respectively, etc. As shown in
Figure 9, the experimental results show that the
MICRank model performs well on multiple data sets
under standard settings, showing the model's
generalization ability. This means that when processing
new text or data sets, you can use these general
parameters to obtain satisfactory keyphrase extraction
results.
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Figure 9: Common model experimental data on each data set
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Figure 11: Model ablation experiment

Figure 9 shows the standard model experimental
data analysis on each data set. This paper obtains

4067KB of content after preprocessing using 50 pieces of
social network media content. The generative algorithm
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processes the news summary, making the results
intuitive and easy to understand. The dimensional
information is further extracted, and the generated key
information sequence compresses the original content to
20KB.

Different improvement methods were introduced
into the experiment, and the results are shown in Figure
10 and Figure 11. Experimental group 1 adopted GSG
training and continuous copy mechanism, and the
ROUGE index was slightly improved; Experimental
groups 2 and 3 explored the influence of improvement
order. Experimental group 2 performed better on
ROUGE-1, and experimental group 3 performed
slightly better on ROUGE-2; Experimental groups 4
and 5 combined GSG training and continuous copy
mechanism, and experimental group 5 achieved the best
ROUGE index, reaching 0.3695, 0.2233 and 0.3492.

Table 4 shows the t-test results of the improved
SIFRANK algorithm and the original algorithm on four
key experimental indicators: F1 score, recall rate,
accuracy, and running time. By comparing the t-value
and p-value, we can draw the following conclusion:

F1 score: The average F1 score of the improved
algorithm is significantly higher than that of the original
algorithm (t=3.57, p=0.002), indicating that the
improved algorithm performs better in comprehensively
measuring the accuracy and recall of the classification
model.

Recall rate: The average recall rate of the improved
algorithm is significantly higher than that of the original
algorithm (t=2.94, p=0.008), indicating that the
improved algorithm can identify more relevant hotspots
and improve the sensitivity of the model.

Accuracy: In terms of accuracy, the improved
algorithm also showed significant advantages (t=3.16,
p=0.006), which means that the improved algorithm has
a higher proportion of truly relevant hotspots among the
identified hotspots.

Runtime: The average runtime of the improved
algorithm is significantly lower than that of the original
algorithm (t=-4.00, p=0.001 *), indicating that the
improved algorithm not only maintains high
performance but also significantly  improves
computational efficiency and reduces runtime.

Table 4: Comparison of t-Test Results for Original and
Improved SIFRANK Algorithms

Mean of
Mean of Improve t-
Experiment | Original P p-
: . d Valu
al Metric Algorith . Value
m Algorith e
m
F1 Score 0.75 0.82 3.57 | 0.002
Recall Rate 0.70 0.78 2.94 | 0.008
Precision 0.80 085 | 3.16 | 0.006
Rate
Runtime 120 100 -4.00 O.(lOl
(seconds)

In terms of accuracy in hotspot recognition, the
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improved SIFRANK algorithm has significantly
improved compared to the original algorithm. By
introducing pre trained language models, the algorithm
can better understand the semantic information in social
media texts, thereby more accurately identifying
potential hot topics. At the same time, combined with
real-time hotspot recognition technology, the algorithm
can timely capture hot topics on social media, improving
the timeliness of hotspot recognition. In terms of
algorithm efficiency, the improved SIFRANK algorithm
also shows significant advantages. We have optimized
the calculation process of the algorithm, reduced
unnecessary computational overhead and made it more
efficient in processing large-scale social media data. The
comparative experimental results show that the improved
algorithm outperforms the original algorithm in terms of
accuracy and efficiency in hotspot recognition, and can
better adapt to dynamic and real-time social media
environments.

5 Conclusion

Social media is crucial for information dissemination and
public opinion formation in the information age. How to
accurately and efficiently mine the media hotspots on
social networks is of great significance to understanding
social public opinion and guiding information
management. This study focuses on improving the
SIFRANK algorithm to improve the accuracy and
timeliness of media hotspot mining. The algorithm's
performance is significantly improved by introducing
information timeliness evaluation and optimizing
network weight calculation.

(1) By improving the algorithm, the recognition
accuracy of hot topics by the SIFRANK algorithm has
been successfully improved to 89%, which is 15% higher
than the 74% before optimization. At the same time, the
response speed of the algorithm has also been
significantly improved, and it can effectively identify hot
topics within 1 hour after the event occurs, which reflects
the significant improvement in the timeliness of the
algorithm.

(2) By introducing an information timeliness
evaluation mechanism, the weight of hotspots can be
dynamically adjusted to ensure that the algorithm can
capture newly emerging hotspot events in a timely
manner, avoid excessive attention to outdated
information, and further improve the accuracy of hotspot
recognition.

(3) In practical application, the effect of a large-scale
social network data set is verified. The results show that
the improved SIFRANK algorithm can accurately
capture media hotspots and effectively analyze the spread
path and influence of hotspots. Especially when dealing
with complex network structures and changes in
information propagation speed, the algorithm shows
more robust adaptability and robustness.

In the research on social media hotspot mining based
on the improved SIFRANK algorithm, we have achieved
significant results, but we also recognize the limitations
and biases of the dataset, as well as the need for further
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optimization of the algorithm's scalability on large-scale
data. Future research needs to be more cautious in
selecting datasets, exploring more diverse data sources,

and

focusing on algorithm optimization and

parallelization techniques to improve accuracy and
processing efficiency.
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