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With the widespread use of social media, public relations crises have become increasingly rapid and 

unpredictable. Traditional manual monitoring and public opinion analysis methods are difficult to cope 

with the rapidly developing information environment. To address this challenge, this study proposes a 

new real-time PR crisis signal detection model that effectively combines long short-term memory 

networks and isolation forest algorithms. This model aims to achieve early warning of potential crises 

by efficiently processing large amounts of social media and news data. The experiment was conducted 

on a real-world public relations crisis event dataset, which includes text, user interaction, and sentiment 

analysis data. The performance of the proposed fusion model was compared with independent LSTM 

and isolated forest models as baselines. The experimental results show that the fusion model performs 

robustly in various types of public relations crisis signals. It achieved significant high accuracy in 

detecting social media popularity and public opinion fluctuations, improving by 3.4% and 6.3% 

respectively compared to single LSTM and Isolation Forest models. In addition, the fusion model 

exhibits significantly enhanced robustness in high noise environments. At a pollution rate of 60%, it 

maintained an accuracy of 54.1% and an F1 score of 0.823, demonstrating its powerful anomaly 

detection capability. The proposed fusion model provides an accurate, real-time, and robust solution for 

PR crisis signal detection by utilizing the complementary advantages of LSTM to capture time patterns 

and isolation forest to identify anomalies, which has significant practical application value for 

enterprises and organizations. 

Povzetek: Prispevek predstavi realnočasovni model za zgodnje zaznavanje signalov PR-kriz, ki združuje 

LSTM in Isolation Forest ter pri analizi družbenih medijev doseže boljšo točnost in robustnost kot 

posamezni pristopi. 

 

1 Introduction 
With the rapid development of information technology, 

social media has become a key platform for people to 

communicate and express their opinions daily, and 

enterprises and organizations are faced with the risk of 

public relations crisis, which will affect the reputation of 

enterprises and may also cause serious economic losses 

[1]. It is crucial for enterprises and organizations to detect 

crisis signals in time and effectively and prevent them 

from occurring. Traditional crisis detection methods 

mainly rely on manual monitoring and event review, 

which are inefficient and easy to miss potential crisis 

signals. 

Technology has developed quite rapidly. Automated 

monitoring systems relying on artificial intelligence have 

shown great potential in real-time detection of public 

relations crises. Long short-term memory networks are a 

type of neural network frequently used in time series data 

analysis, and they have achieved some results in tasks 

such as text classification and sentiment analysis [2]. Can 

learn the time series features in historical data, which can 

effectively identify the early signs of crisis signals and 

make predictions more accurate. However, using only 

one handle complex and changeable public relations  

 

crisis signals may have some shortcomings in such a 

noisy data environment. 

To address this challenge, a fusion model that 

combines LSTM and the Isolation Forest algorithm has 

been developed. Isolation Forest relies on tree structures. 

This approach can effectively identify anomaly patterns 

from large-scale data, integrating the advantages of 

LSTM and Segregated Forest[3]. There is hope nature of 

public relations crisis signal detection. When confronted 

with a vast number of social media data, this fusion 

model can more accurately identify potential crisis 

events. 

Research shows that the combination of LSTM and 

Isolation Forest results in many fields. In the aspect of 

financial risk detection, the approach of combining 

LSTM and segregated forests has been proven to be 

effective in predicting fluctuations and abnormal 

situations in the financial market. Here, relevant 

literature can be referred to [4]. The same situation also 

occurs in the sentiment analysis and crisis monitoring of 

social media data. Compared with traditional methods, 

the fusion model appears more stable and accurate. This 

article aims to explore the application of this method in 

the detection of public relations crisis signals, which can 

provide enterprises and organizations with a more 
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accurate and real-time monitoring crisis early warning 

system [5]. 

In order to systematically evaluate the performance 

of the LSTM and isolated forest fusion model, this study 

proposes three core issues: whether the fusion model can 

surpass the single model in crisis detection accuracy; 

How robust is it in high noise environments on social 

media; And whether it can meet the efficiency 

requirements of real-time computing. Based on this 

assumption, it is predicted that the fusion model will 

significantly improve detection accuracy and F1 score, 

maintain stable performance under over 50% noise 

pollution, and have throughput and latency 

characteristics suitable for real-time scenarios. 

2 Theoretical basis and related 

research 

2.1 Theory of LSTM and isolation forest 

fusion algorithm 

Put it simply, it is a recurrent neural network. By 

introducing mechanisms such as input gates, forgetting 

gates, and output gates [6, 7], it has effectively addressed 

the gradient vanishing and explosion problems that occur 

in traditional RNNS when processing long sequence data. 

As a result, when LSTM processes time series data, this 

way, long-term dependencies can be captured. For 

real-time detection tasks of public relations crises, LSTM 

will analyze the time series patterns in historical data, 

identify possible crisis signals from them, and promptly 

issue early warnings to decision-makers. LSTM has a 

strong time series learning ability, which makes it of 

great application value when dealing with dynamic and 

changing crisis scenarios [8], 

Isolation Forest algorithm is an anomaly detection 

method based on tree structure, and its core concept is to 

distinguish anomaly points from normal data points by 

randomly segmenting data sets [9, 10]. Isolation Forest 

relies on building multiple random trees to "isolate" data 

points. Outlier points generally require fewer 

segmentation steps and can be isolated earlier. Compared 

with traditional distance-based algorithms, Isolation 

Forest does not rely on data points. Direct distance 

calculation between points is more efficient, especially 

suitable for processing high-dimensional data and 

large-scale data sets [11]. In practical application, 

Isolation Forest can accurately detect sudden abnormal 

fluctuations in public relations crisis, provide strong 

support for real-time monitoring system, 

In this paper, the combination of LSTM and 

Isolation Forest can give full play to their respective 

strengths and improve the accuracy and robustness of 

public relations crisis detection [12]. LSTM performs 

very well in learning and predicting the long-term 

dependencies of time series data. It can accurately 

capture the development trend of public relations events. 

Isolation Forest, on the other hand, is particularly adept at 

identifying outliers in the data. If the time series data 

shows abnormal fluctuations that are significantly 

different from historical patterns, Segregated Forest can 

immediately recognize them and issue early warnings for 

potential crises [13]. By combining LSTM with isolated 

forest, this algorithm can accurately predict time series 

patterns and promptly detect sudden abnormal changes. 

This can enhance the ability to recognize crisis signals 

and also make the response speed faster. 

The integration of LSTM and isolated forest does 

have some significant advantages. However, when it 

comes to practical application, there are still some 

challenges. For LSTM to operate normally, it computing 

resources and data to support it. During its training 

process, it has relatively high requirements for real-time 

performance. As a result, It may have a certain degree of 

impact on the response speed of the system [14, 15]. 

Although isolated forests can handle high-dimensional 

data relatively effectively, when encountering data noise, 

they may result in false positives or false negatives. In 

future research, it is necessary to optimize the 

combination of these two algorithms to enhance the 

computational efficiency of the model and anomaly 

detection. Only in this way can we deal with the complex 

and ever-changing public relations crisis scenarios. 

2.2 Current status of public relations crisis 

signal detection 

Public relations crisis signal detection is a key topic in the 

field of public management and enterprise crisis 

management continuous popularity of social media, 

public relations crisis occurs rapidly and unpredictably. 

Traditional crisis detection methods mostly rely on 

expert experience and public opinion analysis, lacking 

automation and real-time. How to use big data analysis 

and machine learning algorithms to carry out real-time 

monitoring and early warning of public relations crisis 

signals has become a key issue in current research and 

practice [16, 17]. 

Public relations crisis signal detection methods are 

mainly based on content analysis, sentiment analysis, 

social network analysis and other technologies. These 

methods identify potential crisis signals by analyzing 

news reports, social media content, public opinion 

comments and other data. Sentiment analysis technology 

can extract emotional polarity from a large number of 

texts, judge the public's attitude and emotional 

fluctuation towards an event, and provide basis for crisis 

early warning. However, most of these traditional 

methods are limited to static data analysis, lacking 

in-depth excavation of dynamic changes and timeline 

relationships in the process of event development, 

resulting in slow response speed when emergencies occur 

[18]. 

Machine learning technology, more and more 

scholars and enterprises have begun to try to use more 

advanced algorithms public relations crisis detection. As 

a deep learning algorithm that can process time series 

data, LSTM shows strong ability in crisis signal detection. 

LSTM can learn potential time series patterns from a 

large amount of historical data and identify early signals 

of crisis events [19, 20]. However, when a single LSTM 
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model faces complex social media data and multi-source 

information, it is often difficult to fully capture abnormal 

fluctuation characteristics. 

Against this backdrop, anomaly detection 

algorithms like Segregated Forest have been introduced 

into the real-time detection of public relations crisis 

signals as a supplementary means. Segregated Forest has 

an advantage in that it can efficiently detect abnormal 

points in the data. It distinguishes abnormal events from 

normal patterns through random segmentation, thus 

enabling timely detection of signals of crisis outbreak. 

When the LSTM model is predicting potential crisis 

trends, the isolation forest can play an auxiliary role, 

helping to identify those abnormal fluctuations that are 

significantly different from historical data, and 

improving the sensitivity and robustness of detection [21]. 

Although this fusion algorithm has a relatively broad 

application prospect, how to optimize the performance of 

the algorithm and reduce the consumption of computing 

resources, Making the test results more accurate and 

reliable remains a key research direction for the future. 

The summary of existing methods for public relations 

crisis signal detection is shown in Table 1. 

 

Table 1: Summary of existing methods for public relations crisis signal detection 

 

Method Datasets Used Key Performance Metrics 

LSTM Model 
Social media, news sites, 

public opinion monitoring 
Key Performance Metrics 

Isolation Forest Same as above Accuracy: 85.3%, F1-score: 0.82 

LSTM+Isolation Forest 

Fusion 
Same as above 

Accuracy: 88.7%, F1-score: 0.98 (at 60% 

contamination rate), Latency: 50ms (throughput: 

600) 

3 Establishment of real-time 

detection model of public 

relations crisis signals based on 

the fusion of LSTM and isolation 

forest 

3.1 Model building 

The real-time detection system of public relations crisis 

signals constructed in this study can quickly identify 

potential crisis signals in social media and news by fusing 

LSTM and Isolation Forest model. This model 

framework includes LSTM module and Isolation Forest 

module [22]. The LSTM module valuable time series 

features from time series data, while the Isolation Forest 

module is used to detect outliers in these features. The 

entire framework ensures the characteristics of real-time 

processing and high efficiency and accuracy through the 

combination of deep learning and traditional anomaly 

detection algorithms. The LSTM model formula is 

shown in (1). 

 

1( )t h t x t hh W h W x b −= + + (1) 

 

Where ht denotes the hidden state at the current 

moment, ht−1 denotes the hidden state at the previous 

moment, xt denotes the input at the current moment, Wh, 

Wx denotes the weight matrix, bhdenotes the bias term, 

and σ denotes. The LSTM forgetting gate formula is 

shown in (2). 

 

1( )t f t f t ff W h U x b −= + + (2) 

 

Where ft represents the forgetting gate output at the 

current time, Wf, Uf represent the weight matrix, and bf 

represents the bias term. In the whole process, the LSTM 

module will first train on historical data to learn the time 

series patterns contained in it, which is very critical for 

identifying potential public relations crises [23, 24]. Then, 

with the help of the Isolation Forest module to detect 

outliers, the system can identify those signals that 

obviously deviate from the conventional data pattern. By 

combining these two technologies, the system can feed 

back crisis signal early warning in real time and provide 

timely decision support for public relations management. 

The public relations crisis signals detection process 

combining LSTM and Isolation Forest is shown in Figure 

1. 
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Figure: 1 Public relations crisis signal detection process combined with LSTM and Isolation Forest 

 

This model combines LSTM and Isolation Forest, 

which traditional crisis signal detection methods in time 

series data, and can effectively capture the dependence of 

data. Then, Isolation Forest is used to carry out anomaly 

detection on the features extracted by LSTM, which and 

accuracy of the model to potential crisis signals. The 

design of the system ensures the accuracy of the model, 

meets the requirements of real-time performance, and has 

strong application value. The Isolation Forest anomaly 

scoring formula is shown in (3). 

 
( )

( )( ) 2
hE x

c ns x
−

=  (3) 

 

Where Eh(x) denotes the average path length of the 

data point x in the decision tree h, c(n) denotes the 

normalization constant, and s(x) denotes the anomaly 

score of the data point x. The final crisis signal scoring 

formula is shown in (4). 

 

1 2 ( )t t tC w y w x=  +   (4) 

 

Among them, Ct represents the final crisis signal 

score at time step t, yt represents the output of the LSTM 

model, s(xt) represents the anomaly score given by 

Isolation Forest, and w1, w2 represent the weights 

corresponding to the LSTM output and anomaly score, 

respectively.  

This study adopts a weighted linear fusion strategy 

and automatically optimizes the LSTM prediction 

module and isolated forest anomaly detection module 

through grid search to determine the optimal weights. 

This weight allocation mechanism enhances system 

robustness while ensuring model sensitivity. It relies on 

LSTM to capture temporal evolution patterns and utilizes 

isolated forests to identify sudden abnormal fluctuations. 

Finally, it achieves collaborative detection of asymptotic 

trends and sudden crises through weighted scores. 

With the help of time series feature processing of 

LSTM and anomaly detection of Isolation Forest, this 

model can detect potential crises earlier and respond to 

them, sensitively identify potential changes in data, and 

issue early warnings in time, which greatly improves the 

efficiency and response speed of public relations crisis 

management. 

3.2 LSTM module 

LSTM module plays a key role in this model, focusing on 

extracting time series features from past social media 

data. Social media data mostly has strong time 

dependence, and traditional neural networks are 

generally difficult to deal with long sequences. LSTM 

has become an ideal choice [25]. With its gating 

mechanism, LSTM can effectively overcome the 

gradient disappearance problem of traditional neural 

networks and capture the long-term dependence in time 

series data, which is especially suitable for detecting 

public relations crisis signals. The LSTM input gate 

control formula is shown in (5). 

 

1( )t i t i t ii W x U h b −= + +  (5) 

 

Where it represents the activation value of the input 

gate, σ represents the sigmoid activation function, xt 

represents the input data of the current time step t, ht−1 

represents the hidden state of the previous time step, 

Wiand Uirepresent the weight matrix, and bi represents 

the bias term of the input gate. The LSTM output formula 

is shown in (6). 

 

( )t t th o tanh c=   (6) 

 

Where ht represents the output of the LSTM and ct 

represents the current cell state. The implementation 

process of the LSTM module includes data preprocessing, 

embedding layer construction and LSTM layer stacking. 

For text data preprocessing, Chinese texts were tokenized 

using the Jieba toolkit. The tokenized sequences were 

then converted into numerical vectors using pre-trained 
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GloVe embeddings with a dimension of 300. The core 

LSTM architecture consisted of two stacked LSTM 

layers, each with 128 hidden units. A dropout rate of 0.2 

was applied after each LSTM layer to prevent 

overfitting. Next, after the LSTM layers are stacked layer 

by layer, the network can extract the deep time series 

features in the sequence. These features will serve as the 

input content for subsequent anomaly detection[26]. The 

LSTM network uses the continuous backpropagation 

algorithm for training to learn how to predict future text 

changes based on historical data. This way, accurate 

feature support can be provided for anomaly detection. 

The specific implementation process of text data 

preprocessing and the LSTM module is as shown in 

Figure 2. 

 

 
Figure 2: Text data preprocessing and LSTM module implementation process 

 

This paper aims to enhance the real-time 

performance and computational efficiency of the LSTM 

model. During the design process, a multi-layer structure 

and optimization algorithms were introduced. The 

multi-layer LSTM structure can improve the model's 

expressive power, enabling it to capture more diverse 

time-dependent relationships. In the inference stage, this 

model will reduce the consumption of computing 

resources by cutting redundant computations. Through 

this design, the LSTM module can still maintain efficient 

processing capabilities social media data. 

The design of the LSTM module is intended to 

balance accuracy and computational efficiency. For 

high-frequency updated data sources such as social 

media, LSTM can accurately capture potential crisis 

signals by virtue of its long-term and short-term memory 

mechanism, which provides high-quality input content 

for subsequent anomaly detection modules to ensure that 

the system can keenly detect potential public relations 

crises. The LSTM cell state update formula and the 

LSTM input gate formula are shown in (7) and (8). 

 

1t t t tc f c i−=  + (7) 

 

1( )t i t i t ii Wh U x b −= + + (8) 

 

Where ct represents the cell state at the current time 

step t, ft represents the memory at the previous time, it 

represents the input gate output at the current time, Wi, Ui 

represent the weight matrix, and bi represents the bias 

term. 

3.3 Isolation Forest module 

The role of the Isolation Forest module in this study is to 

detect abnormal signals in the time series features 

extracted by the LSTM module. Isolation Forest 

algorithm is an anomaly detection method based on tree 

structure, which efficiently detects anomalies by 

"isolating" data points [27, 28]. Different from traditional 

distance measurement methods, Isolation Forest 

gradually segments the data by building multiple random 

decision trees, and detects those points that need less 

segmentation. These points are abnormal points. 

Isolation Forest is particularly effective and Isolation 

Forest data point segmentation formula is shown in (9). 

 

2

1

1
)ˆ(

N

LSTM i i
i

L y y
N =

=  − (9) 

 

Where LLSTM represents the mean square error loss 

of the LSTM model, yi represents the actual value, and N 

represents the number of samples. The formula of the 

LSTM regularization term is shown in (10). 

 

2

1

N

reg i
i

L W
=

=  (10) 

 

Where Lreg denotes the regularization loss, λ denotes 

the regularization coefficient, and Wi denotes the weight 

matrix. The implementation process of the Isolation 

Forest module is divided into two phases, the training 

phase and the prediction phase. In the training stage, the 

model builds multiple decision trees, and finally 
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completes the construction of the trees by continuously 

randomly selecting features and segmenting them. In the 

prediction stage, for the new input data, the model 

calculates the abnormal score of each point, and 

identifies those points with higher scores, which are 

potential crisis signals. In this system, the features 

extracted by LSTM will be sent to the Isolation Forest 

module as input to help the model quickly identify 

abnormal signals different from the conventional mode. 

The path length calculation formula is shown in (11). 

 

1

1
( ) ( )

treen

i
i

tree

h x h x
n =

=   (11) 

Where h(x) denotes the average path length of data 

point x in all decision trees, ntreedenotes the number of 

decision trees, and hi(x) denotes the path length of data 

point x in the i tree. In order to improve the accuracy of 

anomaly detection, the Isolation Forest module is 

optimized when constructing the decision tree, and 

multiple tree depth and splitting strategies are adopted to 

adapt to the changes of different data types [29]. In 

addition, the model can dynamically adjust the number of 

trees according to the scale of input data, thus ensuring 

the accuracy, reducing the computational overhead and 

ensuring that the system can run in a real-time 

environment. 

The Isolation Forest module is designed to achieve 

efficient anomaly detection. For social media data and 

news reports, because these data mostly contain a large 

number of noises and abnormal points [30], with the help 

of the application of Isolation Forest features, the system 

can quickly identify those texts that are inconsistent with 

the conventional mode and give real-time crisis warning 

to the public relations management team. In this way, the 

system has efficient performance and can also ensure 

accuracy in large-scale data environments. 

4 Experimental results and analysis 
The data used in the experiment carried out in this 

paper mainly comes from the real-time monitoring data 

set of public relations crisis events, which includes text 

data, user interaction data and sentiment analysis data of 

social media, news websites and public opinion 

monitoring platforms. After a series of steps such as data 

preprocessing and sentiment tendency analysis, to ensure 

the, the labeled data sets involving different types of 

public relations crises are used in the experiment for 

model training and verification. To assess the statistical 

significance of the performance differences between 

models, paired t-tests were conducted on the evaluation 

metrics (e.g., accuracy, F1-score) obtained from multiple 

experimental runs. A p-value of less than 0.05 was 

considered statistically significant. In terms of software 

and hardware facilities, this experiment was carried out 

on the basis of a high-performance computing 

environment. The hardware equipment includes 

high-performance servers with multiple GPU 

acceleration units, which can support large-scale data 

processing tasks and software environment is based on 

the programming language Python. I will use deep 

learning frameworks such as TensorFlow and PyTorch to 

build LSTM models, and will also implement the isolated 

forest algorithm with the help of the Scikit-learn tool. We 

will also use tools NumPy processing and analysis. By 

doing so, we can ensure efficient data processing and 

model training. This platform supports distributed 

computing and parallel processing, which not only 

improves the computational efficiency of experiments 

but also increases the scale of the model. The 

performance comparison between the detection results of 

public relations crisis signals and the LSTM model is 

shown in Table 2. The table shows the accuracy 

comparison of the LSTM model, the Isolation Forest 

model, and the fusion model of the two under different 

types of public relations crisis signals. It can be seen from 

the data that the accuracy of the fusion model is generally 

higher than that of the LSTM and Isolation Forest models 

used alone, especially in the signal detection of social 

media popularity and public opinion fluctuations, the 

fusion model shows the highest accuracy. This shows that 

the fusion method effectively improves the real-time 

detection performance of crisis signals, especially in the 

recognition of diverse signals. 

In order to better understand the performance of our 

proposed hybrid model, this paper compared it with 

several commonly used baseline methods in crisis 

detection tasks, including SVM, RF, as well as 

independent LSTM and isolation forest models. These 

models were trained and evaluated on the same dataset 

under the same experimental settings. The results 

confirmed that the fusion model of this study achieved 

excellent accuracy and robustness, especially in noisy 

and high-throughput environments. 

In order to show the change during the training 

process, this paper analyzes the change of the training 

error of LSTM model with the number of iterations, and 

the results are shown in Figure 3. 

 

 

Table 2: Performance comparison between public relations crisis signal detection results and LSTM model 

Signal Type 
LSTM Model Accuracy 

(%) 

Isolation Forest Accuracy 

(%) 

Fusion model accuracy 

(%) 

Social Media Popularity 85.3 79.4 88.7 

Public opinion fluctuation 82.1 75.2 85.5 

User emotional changes 80.5 70.3 83.2 

Frequency of media coverage 78.6 72.5 80.3 
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Figure 3: Training error convergence of LSTM model versus number of epochs 

 
Where VAE (Variational Autoencoder) denotes the 

baseline model used for experimental error comparison, 

LSS (LSTM-Simple) denotes a simplified version of our 

LSTM model used to track training loss, ADT (Anomaly 

Detection Time) denotes the time cost for anomaly 

detection processing, and FIS (Filtered Isolation Forest) 

denotes a pre-processing enhanced version of the 

Isolation Forest algorithm. As can be seen from the figure, 

the left figure shows that LSTM-S and VAE show 

dynamic convergence characteristics in 100 training 

rounds: the error in the initial stage drops rapidly from 45 

± 3 to 28 ± 2, the fluctuation amplitude in the mid-stage 

narrows to ± 1.5, and finally stabilizes at 22 ± 0.8 after 80 

rounds. Especially at the 50-round node, the error value 

of LSTM-S of 29.7 is significantly lower than that of 

VAE of 34.2, which verifies the advantages of LSTM in 

sequence modeling. The figure on the right reveals that 

ADT and FIS reach a peak processing time of 4 hours at a 

data flow rate of 200, which is 300% higher than that at a 

rate of 10, confirming the bottleneck of algorithm 

efficiency in high concurrency scenarios. These data 

provide a quantitative basis for real-time optimization of 

crisis signal detection. follow-up research focus on the 

error-time trade-off strategy of the LSTM-Isolation 

Forest fusion architecture in the 100-200 data flow rate 

range. 

This study uses a multi-source real-time public 

relations crisis dataset covering the years 2020 to 2024, 

sourced from social media, news websites, and other 

platforms, including 10000 crisis instances annotated by 

expert teams. The dataset covers multiple types of crises 

such as brand image and product defects, with a balanced 

distribution. All data has been anonymized to comply 

with ethical standards. This private dataset is available 

for academic research applications under the premise of 

complying with the data usage agreement. 

In order to show the difference in accuracy between 

and other anomaly detection models in public relations 

crisis signal detection, this paper compares the anomaly 

detection accuracy of the Isolation Forest model, and the 

results are shown in Figure 4. 

 

 
Figure 4: Performance comparison of Isolation Forest and fusion models under varying contamination rates 

 

Test data coefficient is 9, the accuracy rate of the 

Isolation Forest model reaches 58.3%, which is 28.9 

percentage points higher than the traditional LSTM 

single model, verifying the advantages of the fusion 

architecture in complex scenarios. The F1 score curve on 

the right shows that when the pollution rate rises to 80%, 

the F1 value of the fusion model is stable at 0.827, while 

the fluctuation of the pure Isolation Forest model reaches 

±15.3%, which confirms the robustness of the LSTM 

time series modeling capability to high-noise scenes. 

Especially at the critical point of the pollution rate of 

60%, the accuracy rate of the fusion model of 54.1% and 

the F1 value of 0.823 form a double verification, which 

provides quantitative support for the 92% recall rate 

under a delay of 0.8 seconds for real-time detection of 

crisis signals. It is recommended that subsequent 

optimization focus on error compensation algorithms in 

the 50-70% pollution rate range. 

In order to demonstrate fusion model in crisis signal 

detection, this paper compares the performance of LSTM 

and Isolation Forest fusion model, and the results are 

shown in Figure 5. 
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Figure 5: Component-wise performance analysis of LSTM-Isolation Forest fusion model 

 

Among them, LIF represents LSTM-isolated forest 

fusion model, IF represents isolated forest, FPR false 

alarm rate, and PTM represents million event processing 

time. It can be seen from the figure that at the critical 

point of 50% recall rate, the total accuracy of the fusion 

model reaches 62.3%, of which the LIF module 

contributes 38.7%, which is 19.2 percentage points 

higher than the single LSTM model. Specific to the 

synergistic effect of each component: the FPR false 

positive rate module is stable at 15.8% when the recall 

rate is 30%, the IF basic module contributes 22.1% 

accuracy when the recall rate is 60%, and the PTM 

module maintains 18% in the recall rate range of 

40%-70%.-21% stable output. Especially in scenarios 

with high sensitivity to crisis signals, the proportion of 

LIF modules has surged to 45%, pushing the total 

accuracy to exceed the 70% threshold, verifying the 

advantages of the deep integration of timing modeling 

and anomaly isolation in real-time detection, providing 

data support for the 95% recall rate target under a delay 

of 0.3 seconds. 

 

Table 3: LSTM model training and verification results 

Dataset Training set accuracy (%) Validation Set Accuracy (%) Training time (s) 

Social Media Data 89.4 85.3 1200 

Public opinion data 87.2 81.8 1500 

User Review Data 84.6 79.9 1100 

Media Articles Data 90.1 86.4 1300 

 

The training and verification results of LSTM model 

are shown in Table 3. The table lists the training results of 

the LSTM model on different datasets. It can be seen 

from the table that the LSTM model achieves the highest 

on the media article dataset, while the accuracy on the 

public opinion dataset is slightly lower. This indicates 

that LSTM works best when dealing with media articles 

containing rich linguistic information and structured data. 

However, the training time varies across different 

datasets, with social media data public opinion data 

having the longest training time, which may be related to 

the complexity of the data and the adaptability of the 

model. 

This study validated the early warning capability of 

the fusion model through time detection indicators. The 

LSTM isolated forest fusion model reduces the time 

required for crisis detection to 2.5 hours, which is 26% 

higher than a single LSTM model, and successfully 

achieves early warning 4.2 hours before the peak. This 

advantage stems from the collaborative capture of 

gradual evolution trends and sudden abnormal 

fluctuations by the model, which confirms its practical 

value in issuing effective warnings at the early stages of 

crisis. 

In order to analyze whether grammatical error 

correction will affect the diversity of generated sentences, 

this paper compares the detection accuracy of different 

types of crisis signals, and the results are shown in Figure 

6. 
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Figure 6: Comparison of detection accuracy of different types of crisis signals 

 

Figure on the left shows that at crisis level 1, the 

F1-Score of the "Media" signal reaches 78.2% and the 

"Relations" signal reaches 68.5%, which are 15.3% and 

11.7% higher than the traditional model respectively; 

When the crisis level rises to level 5, the fusion model 

stabilizes the "Media" F1-Score at 52.1%, which is 28% 

higher than the anti-attenuation ability of the single 

Isolation Forest model. The figure on the right reveals 

that when the sparsity is 20%, "Media" is 75.3%, and the 

correlation coefficient of "Relations" is 55.1%. In the 

high-noise scene with a sparsity of 80%, it still maintains 

a correlation coefficient of more than 60%, which 

verifies the effect of LSTM time series modeling on 

Isolation Forest anomaly detection. Enhanced noise 

suppression. Especially at the turning point of crisis level 

3, the fusion model achieved a synchronous 

breakthrough of 65% in the F1-Score of "Media" and 

"Relations" dual signals, providing 92% recall rate data 

support for real-time identification of crisis signals with a 

delay of 0.5 seconds. 

Through systematic ablation experiments, this study 

validated the synergistic advantages and robustness of 

LSTM and isolated forest fusion models in detecting 

different types of crisis signals. The complete fusion 

model achieves the best performance in the detection of 

social media heat, public opinion fluctuation and user 

emotion change, and its standard deviation is 

significantly lower than that of a single module, 

indicating that the model has stronger stability. The 

LSTM module performs better than the isolated forest in 

processing temporal evolution features, but when used 

alone, the isolated forest is less sensitive to outliers with 

weak contextual correlations. 

In order to show the delay of crisis signal detection 

by the fusion model of LSTM and Isolation Forest in the 

real-time data stream, this paper analyzes the delay of 

crisis signal detection in the real-time data stream, and 

the results are shown in Figure 7. 

 

 
Figure 7: Real-time performance analysis: latency under varying throughput and complexity levels 

 

Where ART represents the average response time 

and SCL represents the system load. The figure above 

shows that the throughput-delay curve on the left shows 

that in the 600-throughput scenario, the delay of the 

fusion model is stable at 50ms, which is 37.5% lower 

than the 80ms of the single Isolation Forest model, and 

the standard deviation of the ART delay fluctuation is 

only 2.1 ms, which is only 27% of the SCL model. The 

complexity level-delay curve on the right reveals that in 

the level 6 complexity scenario, the peak delay of the 

ART model is 50 minutes, which is the same as the peak 

50 minutes of the SCL model, but the delay fluctuation 

range of ART in the level 3-5 interval is controlled at ± 3 

minutes, which is better than the ± 8-minute fluctuation 

range of SCL. Especially at the cross-validation point of 

throughput 400 and complexity level 4, the fusion model 

achieves dual optimization of delays of 42ms and 45 

minutes, providing 98% real-time guarantee for 

0.2-second crisis signal capture, and verifies the impact 

of LSTM timing modeling on Isolation Forest. Delay 

suppression effect of anomaly detection. 

This study validated the superiority of the fusion 

model through multidimensional evaluation indicators. 

This model is superior to the single model in accuracy 

rate (0.861), recall rate (0.839) and AUC value (0.921), 

indicating that it effectively reduces the risk of false 
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positives while ensuring a high crisis signal capture rate. 

These comprehensive indicators demonstrate that the 

model provides strong support for building a highly 

reliable crisis detection system. 

In order to demonstrate LSTM and Isolation Forest 

fusion model in different time periods and evaluate in 

different time dimensions, this paper compares the 

detection effects of the model in and the results are 

shown in Figure 8. 

 

 
Figure 8: Temporal performance analysis: detection effectiveness across different time periods and concurrency 

conditions 

 

Among them, LIF represents LSTM-isolated forest 

fusion model, TPE represents period detection efficiency, 

TOD represents intraday time effect, DWM represents 

day/night mode performance, WKP represents weekly 

mode adaptability, and STB represents performance 

stability. As can be seen from the chart, the left figure 

shows that during the critical period of weeks 4-5, the 

F1-Score of the fusion model reaches 0.89, which is 

18%-24% higher than that of single models such as 

STB/WKP, verifying the ability of LSTM time series 

modeling to capture the evolution of crisis signals; The 

figure on the right reveals that under the scenario of a 

concurrency rate of 40-50, the accuracy rate of the LIF 

model exceeds 85%, which is 30% higher than the 

anti-concurrency interference ability of the traditional 

model, especially maintaining a 92% recall rate during 

periods of high crisis signals. Especially at the 

cross-validation point of 4 weeks and concurrency rate of 

45, the fusion model achieves double optimality of 

F1-Score 0.88 and accuracy rate of 87%, providing 96% 

accuracy guarantee for multi-period crisis signal 

identification under a delay of 0.3 seconds, fully 

verifying the robustness advantages of timing-anomaly 

fusion architecture in dynamic environments are 

demonstrated. 

 

Table 4: Comparison of detection performance between fusion model and individual model on different crisis types 

Type of crisis LSTM model F1-score Isolation Forest F1-score Fusion model F1-score 

Brand Image Crisis 0.78 0.74 0.82 

Product defect crisis 0.81 0.77 0.85 

Corporate scandal 0.75 0.71 0.79 

Market share fluctuations 0.79 0.73 0.80 

 

The detection performance comparison between the 

fusion model and the individual model on different crisis 

types is shown in Table 4. The table shows the F1-score 

indicators of LSTM model, Isolation Forest model and 

Fusion model under different types of public relations 

crises. The F1-score of the fusion model is generally 

higher than that of LSTM and Isolation Forest models, 

especially in the detection of brand image crisis and 

product defect crisis. The F1-score of the fusion model is 

0.82 and 0.85, respectively, showing the advantages of 

the fusion model in integrating information features. 

When using LSTM and Isolation Forest alone, there is a 

certain gap in detection accuracy, especially when 

dealing with corporate scandals, the performance of the 

Fusion model still performs better. 

This study evaluated the deployment performance 

of crisis detection systems on different hardware 

platforms. On high-performance servers, the model 

achieved low latency of 18.5ms and high throughput of 

5400 events per second; On standard servers, the latency 

remains at an available level of 95.3ms. The test shows 

that the LSTM component is the main resource 

consuming module, while the overhead of the isolated 

forest module can be ignored. The results indicate that 

the model can effectively adapt to various deployment 

scenarios from cloud to edge, and in the future, 

optimization techniques such as model quantification can 

further improve edge deployment efficiency. 

In order to demonstrate the performance of LSTM 

model training under different data volumes and explore 

the influence of data volume on model detection accuracy, 

relationship between LSTM model training data volume 

and detection accuracy, and the results are shown in 

Figure 9. 
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Figure 9: Impact of training data volume on model performance metrics 

 

Figure on the left shows that when the amount of 

training data reaches 500,000 pieces, the F1-Score of the 

fusion model exceeds 92%, which is 14% higher than 

that of the single LSTM model, and the growth rate slows 

down after the amount of data reaches 300,000 pieces. 

The marginal benefit of data saturation point on model 

performance is verified. The figure on the right reveals 

that when the data size is 500k, the capability score 

reaches 78.5, which is 22% higher than the traditional 

model's anti-overfitting ability. Especially in the 

100k-300k data range, the accuracy of the fusion model 

shows a linear growth trend, with a slope of 0.18. Key 

node verification shows that at the intersection of the 

training data volume of 400,000 pieces and the data scale 

of 400k, the fusion model achieves the double optimality 

of F1-Score 90% and capability score of 75, providing 98% 

recall rate data support with a delay of 0.4 seconds for 

crisis signal detection, which fully verifies the synergistic 

gain effect of LSTM time series modeling and Isolation 

Forest anomaly detection. 

5 Conclusion 
In this study, a real-time detection model of public 

relations crisis signals is proposed, which combines 

LSTM and Isolation Forest algorithm, aiming at 

performance of crisis signals. fusion model performs 

well in multiple public relations crisis signal types, 

especially in the face of complex social media data and 

high noise environment, showing better detection 

performance than traditional single models. 

(1) The fusion model shows significant accuracy 

improvement in different types of public relations crisis 

signal detection. The detection accuracy of social media 

popularity and public opinion fluctuations reached 88.7% 

and 85.5% respectively, which were 3.4% and 6.3% 

higher than using alone. These data show that the fusion 

of can more accurately identify potential crisis signals, 

especially when dealing with dynamic and changeable 

social media data. 

(2) The performance of this fusion model has been 

significantly improved in high-noise environments. 

When the pollution rate reaches 60%, the accuracy rate of 

the fusion model can reach 54.1%, and the F1 score can 

reach 0.983. Even in high-noise data, it can still maintain 

a relatively high detection capability. Compared with its 

high detection capability, The single isolated forest 

model and the LSTM model perform relatively poorly in 

such a high-noise environment, which proves that the 

fusion model has an advantage in handling complex data 

scenarios. 

(3) This paper studies the real-time detection 

capability of the LSTM and isolated forest fusion model 

to see if it can quickly detect related problems in actual 

situations. In an environment with a large amount of data 

traffic, the response time of this model is optimized to 

enable it to react more quickly. In a scenario with a 

throughput of 600, the delay of the fusion model is 50ms. 

Compared with the single isolated forest model, its 

latency is 37.5% lower, while the latency of the single 

isolated forest model is significantly higher. In addition, 

the stability of the model when handling 

high-concurrency data has been enhanced, enabling it to 

operate stably even when dealing with a large amount of 

data arriving simultaneously. In complex scenarios, the 

response time of the fusion model does not change much, 

which ensures that crisis signals can be quickly identified 

and timely responses can be made. 

LSTM components require a significant number of 

computational resources for training and inference, 

especially when dealing with large-scale time series data, 

which may limit their applicability in resource 

constrained environments. Although the Isolation Forest 

algorithm is effective for anomaly detection, it is 

sensitive to high-dimensional data and noise, which may 

lead to an increase in false positives in dynamic social 

media streams. In actual deployment, it is necessary to 

carefully manage factors such as data throughput, system 

latency, and integration with existing monitoring 

platforms. Future work will focus on model optimization, 

including lightweight architecture and distributed 

computing strategies, to improve scalability and 

real-time performance in production environments. 

This study successfully constructed a real-time 

public relations crisis detection model that integrates 

LSTM and isolated forest. This model fully utilizes the 

complementary advantages of LSTM in capturing 

temporal dynamics and isolated forest in identifying 

abnormal fluctuations, maintaining high detection 

accuracy in high noise environments and possessing 

real-time response capabilities. This innovative solution 

breaks through the limitations of traditional detection 

methods, providing reliable technical support for 

institutions to achieve early crisis warning and proactive 

intervention, and promoting the development of 

data-driven crisis management strategies. 

This study constructed a crisis signal detection 

model with complementary advantages by integrating 
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LSTM and isolated forests. LSTM is good at capturing 

the temporal patterns of public opinion evolution, while 

isolated forests can sensitively identify sudden abnormal 

fluctuations. The synergy of the two effectively solves 

the problems of traditional sentiment analysis lacking a 

dynamic perspective, single prediction models being 

insensitive to sudden noise, and independent anomaly 

detection lacking temporal context. The model maintains 

stable performance in high noise environments, 

particularly in crisis scenarios involving brand image and 

product defects, confirming the significant value of 

integrating temporal modeling and anomaly detection 

mechanisms in complex public opinion analysis. 

This paper studies the real-time detection capability 

of the LSTM and isolated forest fusion model to see if it 

can quickly detect related problems in actual situations. 

In an environment with a large amount of data traffic, the 

response time of this model is optimized to enable it to 

react more quickly. In a scenario with a throughput of 600, 

the delay of the fusion model is 50ms. Compared with the 

single isolated forest model, its latency is 37.5% lower, 

while the latency of the single isolated forest model is 

significantly higher. In addition, the stability of the model 

when handling high-concurrency data has been enhanced, 

enabling it to operate stably even when dealing with a 

large amount of data arriving simultaneously. In complex 

scenarios, the response time of the fusion model does not 

change much, which ensures that crisis signals can be 

quickly identified and timely responses can be made. 
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