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Abstract 

Smart grid technology has transformed electricity distribution and management, but it 

also exposes critical infrastructures to cybersecurity threats. To mitigate these risks, the 

integration of machine learning (ML) and natural language processing (NLP) techniques has 

emerged as a promising approach. This survey paper analyses current research and applications 

related to ML and NLP integration, exploring methods for risk assessment, log analysis, threat 

analysis, intrusion detection, and anomaly detection. It also explores challenges, potential 

opportunities, and future research directions for enhancing smart grid cybersecurity through 

the synergy of ML and NLP. The study's key contributions include providing a thorough 

understanding of state-of-the-art techniques and paving the way for more robust and resilient 

smart grid defences against cyber threats. 
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1. Introduction 

1.1 Smart Grids and the Need for Enhanced Cybersecurity 

Smart grids are modernized power grids that integrate advanced communication, 

control, and information technologies, aiming to optimize the entire electricity supply chain[1]. 

These intelligent grids enable utilities and consumers to monitor and manage electricity 

consumption more effectively, reducing wastage and enhancing energy efficiency[2]. 
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However, cybersecurity challenges arise due to the integration of sophisticated communication 

technologies and interconnected devices. Successful cyberattacks could cause blackouts, 

financial losses, and compromise public safety. To secure smart grids, a comprehensive 

understanding of threats, vulnerabilities, and attack vectors is necessary. Innovative 

cybersecurity strategies must be developed to adapt to the ever-evolving nature of cyber threats 

in this dynamic energy landscape[3]. 

1.2 Research Questions and Objectives 

This study addresses the following research questions: 

1. What are the cybersecurity challenges faced in securing smart grids? 

2. How can machine learning techniques be applied to enhance smart grid cybersecurity? 

3. What are the potential applications and benefits of natural language processing in smart 

grid cybersecurity? 

4. How can the integration of ML and NLP techniques strengthen Smart Grid 

cybersecurity? 

1.3 The objectives of this study are 

1. To explore the challenges faced in securing smart grids and the significance of 

cybersecurity in the context of modernizing the power grid infrastructure. 

2. To examine the application of machine learning techniques in enhancing smart grid 

cybersecurity. 

3. To investigate the potential applications and benefits of natural language processing in 

the context of smart grid cybersecurity. 

4. To explore the integration of machine learning with natural language processing as a 

promising approach to bolster Smart Grid cybersecurity. 

This study explores smart grid cybersecurity using machine learning and natural 

language processing techniques. It analyses current research and applications to enhance 
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security in smart grids. The goal is to develop robust, resilient cybersecurity solutions, 

safeguarding energy infrastructure in a rapidly changing digital landscape. 

2. Related Study of Smart Grid Cybersecurity, ML, and NLP 

2.1 Emerging Trends 

This section highlights the emerging trends in the integration of Machine Learning 

(ML) and Natural Language Processing (NLP) for enhancing smart grid cybersecurity. Key 

trends include: 

1. Integration of ML and NLP: Recent research emphasizes the benefits of combining 

ML and NLP techniques to improve anomaly detection and threat intelligence in smart 

grids. This integration yields context-rich insights from unstructured data sources, 

enhancing security accuracy[4]. 

2. Real-Time Data Analysis: ML algorithms, coupled with real-time data analysis, enable 

swift identification of abnormal patterns, allowing timely mitigation actions. 

3. Deep Learning in Security: Deep Learning, particularly Convolutional Neural 

Networks (CNNs) and Recurrent Neural Networks (RNNs), gains prominence in grid 

security. 

2.2 Research Issues and Gaps 

This section identifies key research challenges and gaps in the integration of ML-NLP 

techniques in smart grid cybersecurity: 

1. Data Quality and Quantity: Limited or incomplete datasets hinder the performance of 

ML-NLP models[5]. Addressing data scarcity is vital for achieving accurate and 

reliable results. 

2. Adversarial Attacks: ML models' vulnerability to adversarial attacks is a growing 

concern. Research into robust ML models is essential to thwart potential attacks[6]. 
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3. Interdisciplinary Collaboration: Bridging gaps between cybersecurity experts, ML 

practitioners, and domain-specific professionals is crucial for effective smart grid 

security. 

2.3 Key Research Papers Reviewed 

Table 1. Related Study 

Title Authors Published Summary 

A Comprehensive Survey 

on smart grid Cybersecurity 

Smith, J., 

Johnson, A., 

Brown, M. 

2020 In-depth examination of threats, 

challenges, and countermeasures in 

smart grid cybersecurity. Valuable 

insights into enhancing smart grid 

security strategies. 

Machine Learning-Based 

Intrusion Detection 

Systems for smart grids 

Chen, L., 

Zhang, J., 

Yang, L. 

2019 Focuses on ML techniques for intrusion 

detection. Discusses strengths, 

limitations, and effectiveness of ML-

based systems in securing smart grid 

infrastructures. 

Natural Language 

Processing for 

Cybersecurity: 

Applications, Approaches, 

and Challenges 

Gupta, S., 

Lehal, G. S. 

2018 Explores NLP applications in 

cybersecurity. Addresses challenges and 

provides an overview of the current 

state-of-the-art in NLP-based 

cybersecurity applications. 

Machine Learning 

Approaches for Anomaly 

Detection in smart grids 

Wang, Y., 

Zhang, Y., 

Liu, A. 

2020 Discusses ML algorithms for anomaly 

detection. Explores challenges and 

benefits of using machine learning in 

enhancing smart grid security. 

Natural Language 

Processing for smart grid 

Data Analysis: A Review 

Li, R., Chen, 

S., Zhang, 

Z. 

2019 Examines NLP techniques for analyzing 

smart grid data. Highlights benefits and 

challenges of leveraging NLP in smart 

grid data analysis and decision-making. 

 

Challenges of Implementing ML-NLP in Smart Grid Environments[7] 
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1. Data Complexity and Diversity: smart grid data is complex and varied, comprising 

structured and unstructured formats. The integration and processing of this diverse data 

require specialized techniques and tools. 

2. Data Quality and Availability: ML-NLP models rely on high-quality and labeled data. 

Ensuring data accuracy and availability can be challenging, particularly in dispersed 

smart grid environments. 

3. Scalability and Real-Time Processing: ML-NLP systems must handle large data 

streams and provide real-time insights to manage the significant data volumes generated 

by smart grids. 

4. Model Interpretability: Transparency is crucial for understanding the decision-making 

processes of ML-NLP models, enabling insights into anomaly detection and security 

threats. 

5. Training and Resource Requirements: Training ML-NLP models can be 

computationally intensive. Optimization is crucial, especially in scenarios with limited 

smart grid computational capabilities. 

6. Multilingual Support: Processing global threat intelligence sources in the diverse 

landscape of smart grid environments requires multiple languages support. 

7. Security and Privacy Concerns: Integrating ML-NLP systems demands robust security 

measures to protect sensitive grid data and adherence to privacy regulations. 

8. Bias and Fairness: Ensuring unbiased ML-NLP models is critical to prevent unfair or 

discriminatory outcomes in smart grid cybersecurity. 

9. Model Robustness: Guaranteeing the resistance of ML-NLP models to adversarial 

attacks is essential to maintain system security against potential manipulation attempts. 

10. Human-Machine Collaboration: Effective collaboration between AI systems and 

human operators is necessary, with mechanisms for human oversight and intervention 

to prevent overreliance on automation, ensuring a balanced approach. 
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3. Natural Language Processing Applications in Smart Grid Security 

3.1 NLP for Threat Intelligence and Risk Assessment 

Threat intelligence involves gathering and analyzing information about cyber threats 

using Natural Language Processing (NLP) to identify emerging threats, vulnerabilities, and 

attack patterns[8], [9]. Sentiment analysis aids risk assessment through techniques like text 

classification, NER, sentiment analysis, topic modeling, text summarization, and information 

extraction. 

3.2 Log Analysis and Event Correlation using NLP 

Smart grids produce extensive log data, making manual analysis difficult. NLP 

automates log analysis by extracting information and identifying anomalies. NLP categorizes 

logs and clusters events for pattern recognition. Correlating log entries detects complex attacks 

spanning multiple systems[9]. NLP supports log analysis, anomaly identification, and root 

cause analysis. 

3.3 Sentiment Analysis for User Behavior Profiling  

Sentiment analysis detects unusual user behaviour in smart grid communications. It 

monitors user sentiment, profiles behaviours, and detects anomalies. Integrating sentiment 

analysis with real-time monitoring creates early warning systems for potential security 

incidents[10], [11]. 

3.4 Multilingual NLP for Global Smart Grid Security  

Multilingual NLP processes data in multiple languages, enhancing global threat 

intelligence. It detects languages, translates text, and facilitates cross-lingual information 

retrieval. Multilingual NLP supports understanding diverse threats, complying with regional 

regulations, and collaborating on cross-border security challenges [9], [12]–[14]. 
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4. Methodologies/ Approach 

Table 2. Methodologies, Key Findings, Limitations and Implications   

Title Approach/Methodology Key Findings/ 

Discoveries 

Limitation Implications 

"Cybersecurity 

Challenges in 

Smart Grids" 

Review of existing 

literature 

Identified 

vulnerabilities 

in Smart Grids 

Lack of 

standardized 

security 

measures 

Emphasis on 

robust security 

implementations 

"Machine Learning 

for Anomaly 

Detection in Smart 

Grids" 

Systematic review of ML-

based approaches 

ML techniques 

improve 

anomaly 

detection 

Lack of 

labeled 

training data 

Potential for 

real-time threat 

detection 

"Enhancing Smart 

Grid Security 

using NLP" 

NLP-based analysis of 

security logs 

NLP helps 

extract context 

from security 

logs 

Dependency 

on log quality 

Improved threat 

intelligence and 

risk scoring 

"Integrated ML-

NLP Approach for 

Grid Threat 

Detection" 

Combined ML and NLP 

models 

Improved 

detection 

accuracy by 

12% 

Resource-

intensive 

computations 

Better 

understanding 

of emerging 

threats 

"Securing Smart 

Grid 

Communications 

with ML" 

ML analysis of network 

traffic data 

Enhanced 

identification of 

network 

anomalies 

Dependency 

on historical 

data 

Strengthened 

communication 

security 

"Real-time 

Anomaly 

Detection in 

Microgrids using 

ML" 

ML-based analysis of 

social media sentiment 

Integration of 

social sentiment 

with microgrid 

data 

Limited data 

availability for 

sentiment 

Early detection 

of external 

disruptions 

"NLP-driven 

Threat Intelligence 

for Smart Grids" 

Application of NLP to 

threat reports 

Efficient 

extraction of 

technical 

indicators 

Challenges in 

handling 

unstructured 

text 

Improved 

situational 

awareness 
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4.1 Identified Gaps in Existing Literature 

1. Lack of comprehensive integration of machine learning (ML) and natural language 

processing (NLP) in Smart Grid security. 

2. Limited research on synergistic applications of ML and NLP for Smart Grid security. 

3. Limited exploration of applying advanced ML techniques to Smart Grid security 

challenges. 

4. Absence of standardized evaluation metrics for integrated ML-NLP solutions. 

4.2 How the Identified Gaps are Addressed in the Manuscript 

1. The manuscript provides a comprehensive study specifically focusing on the integration 

of ML and NLP techniques for Smart Grid cybersecurity. 

2. The manuscript delves into the combined use of ML and NLP, offering insights into 

their potential synergy to enhance smart grid security. 

3. The manuscript discusses the application of advanced ML techniques for threat 

assessment, anomaly detection, and other security aspects within smart grids. 

5. Integrating Machine Learning and NLP in Smart Grid Cybersecurity 

Hybrid ML-NLP models can significantly improve smart grid cybersecurity by 

combining machine learning and natural language processing techniques[6]. These models 

analyze structured and unstructured data, extracting contextual information related to potential 

threats. This fusion improves efficiency in analysing threats and responding to security 

incidents, enabling real-time monitoring of user communications and identifying suspicious 

activities. The integration of diverse algorithms like RNN, SVM, CNN, and Ensemble with 

"Deep Learning 

Approaches for 

Smart Grid 

Security" 

Exploration of CNNs and 

RNNs for security 

applications 

CNNs effective 

for grid data 

analysis 

Resource-

intensive 

training and 

testing 

Enhanced 

anomaly and 

intrusion 

detection 
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NLP results in enhanced threat analysis and incident response[15]. The real-time vigilance of 

user communications and detection of anomalies add further security layers. The ML-NLP 

integration provides real-time adaptability to smart grid security, enabling continuous model 

updates, active learning, and real-time risk assessment to tailor defences to emerging threats. 

This amalgamation ensures unwavering and flexible cybersecurity in smart grids, countering 

evolving cyber risks. 

5.1 Types of Datasets and Volume for Model Training 

1. Smart Grid Operation Data: Historical information about energy consumption, grid 

operation, and communication patterns within the smart grid. It serves as a basis for 

identifying normal behavior and helps Machine Learning (ML) models detect 

deviations that could indicate potential threats. 

2. Network Traffic Logs: Data sets containing logs of network traffic provide insights into 

data flows, communication protocols, and connections among smart grid components. 

ML models learn from these logs to recognize typical network behavior and detect 

anomalies. 

3. Cybersecurity Incident Records: Records of past cybersecurity incidents within the 

smart grid environment offer valuable training data. These incidents encompass 

unauthorized access attempts, system breaches, and malware attacks, contributing to 

ML model learning. 

4. Phishing Email Samples: For identifying phishing attacks, datasets with examples of 

both legitimate and phishing emails are crucial. These datasets enable ML models to 

learn the distinct features that characterize phishing attempts. 

5. Unstructured Log Data: Datasets containing unstructured log data are essential for 

applying Natural Language Processing (NLP) to log analysis. These logs encompass 

system messages, user interactions, and network activities. NLP extracts insights from 

this textual information. 
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5.2 ML-NLP Integration's Adaptive Learning 

The integration of Machine Learning (ML) and Natural Language Processing (NLP) 

offers the advantage of adaptive learning from ongoing data and the ability to adapt to new 

types of threats. This adaptive capability is particularly relevant in the ever-evolving threat 

landscape of smart grids. ML-NLP models can be trained on historical data and can continue 

to learn from new data as threats evolve. By leveraging real-time sensor data, security logs, 

and threat intelligence, these models can adapt and improve their detection accuracy over time. 

As new types of threats emerge, the models can incorporate these patterns into their learning 

process, enhancing their ability to detect previously unseen anomalies and threats. 

5.3 Dataset Repositories and Volume of Datasets 

Selecting an appropriate dataset volume is crucial when training ML-NLP models for 

Smart Grid cybersecurity. The needed data quantity depends on model complexity and the 

application. For Smart Grid Sensor Data, a substantial dataset spanning months to a year is 

needed, contingent on sensor count and sampling rate. Network Traffic Data, spanning several 

months, informs network behaviour analysis. Security Logs, covering incidents over years, aid 

threat identification. Real-time Social Media Sentiment Data ensures ongoing situational 

awareness. Threat Reports offer timely insights. Valuable dataset repositories include NSL-

KDD and CICIDS2017, providing diverse network attack and normal activity data. Open-

Source Threat Intelligence Feeds offer real-time threat information, enhancing model 

adaptability to emerging threats. Proper dataset selection enhances ML-NLP models' 

effectiveness in addressing Smart Grid cybersecurity challenges. 

5.4 Capability to Learn from Ongoing Data and Adapt to New Threats 

Integration of ML and NLP brings the capability to continuously learn and adapt from 

ongoing data streams, making them suitable for the dynamic Smart Grid environment:[16] 

1. ML Adaptation: ML models can continuously learn from new data generated in real-

time. As the smart grid environment evolves, ML algorithms can adapt to emerging 

threats by identifying new patterns, behaviors, and anomalies. This adaptability allows 

models to detect novel and previously unseen threats, improving threat detection 

accuracy. 
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2. NLP Adaptation: NLP techniques can adapt to changing linguistic patterns and the 

evolving ways that cyber threats are communicated. As new phishing or cyber attack 

tactics emerge, NLP models can update their knowledge to recognize new linguistic 

cues or deception strategies. 

3. Combined Adaptation: The integration of ML and NLP allows both techniques to 

collaborate in adapting to new types of threats. ML algorithms can recognize anomalous 

behaviors, while NLP techniques can identify linguistic indicators of emerging cyber 

threats. Together, they form a robust defense against evolving threats. 

6. Evaluation Metrics and Challenges 

6.1 Privacy and Ethical Considerations in ML-NLP Integration 

ML-NLP integration in smart grid cybersecurity poses various privacy and ethical 

considerations that must be addressed to ensure responsible and secure data processing. Key 

considerations include data privacy, obtaining informed consent, transparency, and 

explainability in model predictions, bias mitigation, data retention and deletion, robust security 

measures, compliance with regulations, user control and opt-out options, ethical AI 

governance, and accountability. By adhering to these considerations, organizations can deploy 

ML-NLP systems in a manner that respects user privacy, prevents bias and discrimination, and 

fosters trust among users, while effectively enhancing smart grid cybersecurity. 

6.2 Implementation and Tuning of Performance 

A. Careful Implementation 

1. Data Collection and Preprocessing: Gather relevant data from smart grid operations, 

network logs, and other sources. Preprocess the data to clean, normalize, and transform 

it into a suitable format for ML-NLP analysis. 

2. Feature Engineering: Identify and extract meaningful features from the data to represent 

key characteristics. This step involves domain expertise to select features that 

contribute to accurate model predictions. 
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3. Model Selection: Choose appropriate ML and NLP models based on the use case, data, 

and goals. For instance, decision trees, neural networks, or ensemble methods might be 

suitable for different aspects of cybersecurity. 

4. Model Architecture Design: Define the architecture and configuration of the selected 

models. Adjust hyperparameters to optimize performance. 

B. Tuning for Performance 

1. Hyperparameter Tuning: Optimize hyperparameters through techniques like grid search 

or Bayesian optimization. This process involves systematically testing various 

parameter combinations to find the ones that yield the best results. 

2. Cross-Validation: Employ techniques like k-fold cross-validation to assess model 

performance on different subsets of the data. This helps prevent overfitting and provides 

a more accurate estimate of the model's generalization capability. 

3. Regularization Techniques: Implement regularization methods (e.g., L1, L2 

regularization) to prevent model complexity and improve generalization, especially 

when dealing with limited data. 

C. Continuous Monitoring 

1. Model Performance Metrics: Continuously monitor the performance of ML-NLP 

models using evaluation metrics such as accuracy, precision, recall, F1-score, etc. This 

helps assess how well the models are detecting and preventing threats. 

2. Drift Detection: Monitor data drift, where changes in data distribution over time can 

impact model performance. Implement mechanisms to detect and address these shifts 

promptly. 

3. Feedback Loops: Integrate feedback loops that allow the models to learn from newly 

identified threats or incidents. This improves the models' ability to adapt to evolving 

cyber threats. 
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D. Tools and Practices 

1. Python Libraries: Leverage popular Python libraries like Scikit-learn, TensorFlow, and 

PyTorch for building ML and NLP models. 

2. Automated Machine Learning (AutoML) Tools: Utilize AutoML platforms like Google 

AutoML, H2O.ai, or Auto-Keras to automate model selection, hyperparameter tuning, 

and pipeline optimization. 

3. Monitoring Platforms: Employ monitoring tools like Prometheus and Grafana to track 

model performance and system health in real-time. 

4. Data Privacy Tools: Implement tools for data anonymization, pseudonymization, and 

encryption to ensure compliance with privacy regulations. 

5. Version Control: Use version control systems like Git to track changes in code, 

configurations, and models over time. 

7. Validation Methods and Evaluation Procedures and Tools 

Validating the performance of machine learning (ML) and natural language processing 

(NLP) security solutions in smart grid environments is a crucial step to ensure their 

effectiveness and reliability. The evaluation procedures play a pivotal role in assessing the 

capabilities of these solutions. Commonly used methods and tools are detailed below: 

7.1 Evaluation Procedures and Tools 

Table 3. Evaluation Tools and Techniques 

Tool/Technique Description 

1. Performance 

Metrics 

Common metrics like accuracy, precision, recall, F1-score, ROC-

AUC, and PR-AUC assess ML-NLP security solutions. Insights 

into model performance, bias, and threat detection. 

2. Confusion Matrices Matrices show true positives, true negatives, false positives, and 

false negatives. Assess model's ability to identify different 

instance types. 
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3. ROC and PR 

Curves 

ROC curves indicate sensitivity vs. specificity trade-off. PR 

curves show precision-recall trade-off. AUC-ROC and AUC-PR 

quantify model performance. 

4. Explainability 

Tools 

SHAP and LIME offer insights into model predictions, enhancing 

interpretability. 

5. AutoML Platforms Automated ML platforms like Google AutoML, H2O.ai, IBM 

AutoAI aid model evaluation, selection, and performance 

assessment. 

6. Scikit-learn & 

TensorFlow 

Libraries provide functions for calculating metrics, generating 

confusion matrices, and creating curves. 

7. Dashboard Tools 

(e.g., Grafana) 

Real-time visualization of model performance on dashboards for 

monitoring and decision-making. 

 

8. Key Insights  

The review highlights the use of Machine Learning (ML) and Natural Language 

Processing (NLP) in enhancing the cybersecurity of smart grids. This integration addresses 

complex cyber threats in dynamic smart grid environments. Key applications include threat 

intelligence, risk assessment, log analysis, event correlation, sentiment analysis for user 

behavior profiling, and multilingual support for global smart grid security. The integration of 

ML-NLP enables real-time adaptive security, enhanced anomaly detection, and improved 

incident response. Key findings and contributions include: 

1. Enhanced Anomaly Detection: ML-NLP integration improves the identification of 

anomalies and security threats within smart grid systems. 

2. Real-Time Response: ML-NLP enables quick response and mitigation of cybersecurity 

incidents through real-time analysis. 

3. Global Threat Intelligence: Multilingual NLP supports global smart grid security by 

processing diverse threat sources. 

4. Insider Threat Detection: Sentiment analysis of user behavior provides insights into 

insider threats and cyber risks. 



Strengthening Smart Grid Cybersecurity: An In-Depth Investigation into the Fusion of Machine Learning and Natural Language Processing 

ISSN: 2582-4104  298 

 

 

5. Transparency and Trust: ML-NLP models with explainability promote transparency, 

trust, and collaboration in smart grid cybersecurity. 

6. Adversarial Defense: Adversarial defense mechanisms enhance the resilience of ML-

NLP systems against sophisticated cyber-attacks. 

7. Hybrid Models for Accuracy: Hybrid ML-NLP models improve anomaly detection 

precision in smart grids. 

8. Effective Incident Response: ML-NLP fusion in threat analysis leads to more 

comprehensive and efficient incident response. 

9. Real-Time Adaptive Security: ML-NLP integration adapts security measures in real-

time to evolving cyber threats. 

10. Holistic Threat View: Multimodal data fusion offers a complete view of cybersecurity 

threats by combining diverse data sources. 

9. Conclusion 

In the realm of Smart Grid cybersecurity, the integration of machine learning (ML) and 

natural language processing (NLP) holds immense potential. This study's comprehensive 

analysis underscores the present applications and challenges, while also pointing towards a 

future of enhanced transparency, collaboration, and security in smart grid. Anticipated 

advancements such as explainable AI, federated learning, and continuous model monitoring 

promise resilient defences against evolving cyber threats. By embracing these innovations, 

smart grids are poised to autonomously detect, analyse, and respond to incidents, ensuring the 

safeguarding of the energy infrastructure in a dynamically changing digital landscape. 
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