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Abstract. In this chapter, we will discuss the basics of Natural Language Processing (NLP) and its significance in Cyber security domain. It also discusses the application of Natural Language Processing (NLP) methods in cyber security, focusing on its increasing importance in detecting, preventing, and responding to cyber attacks. NLP approaches like text preprocessing; named entity recognition, sentiment analysis, and machine translation are utilized to process enormous amounts of unstructured text data from emails, logs, and forums. Major applications are phishing detection, threat intelligence, social engineering detection, malware analysis, and incident response automation. While NLP improves cyber threat analysis and operational effectiveness, it also presents challenges in terms of data privacy, model interpretability, and false positives. The chapter ends by outlining future directions, including real-time threat detection, multilingual solutions, and autonomous security systems, highlighting NLP's revolutionary potential in enhancing cyber defense mechanisms.
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Introduction
Cyber attacks are one of the biggest challenges confronting modern society, with numbers and sophistication on the rise. With advancing technology comes an array of new threats that are more technical,  yes, but subtler in their social engineering as well, cyber security professional’s face. With the limitations of traditional signature-based systems and rule-based detection techniques in play, the importance of more adaptive,  intelligent, and real-time security measures becomes ever-present. Natural Language Processing (NLP) is one such technology that is playing a crucial role in this field[1].  
NLP is a branch of artificial intelligence (AI) that focuses on the interaction between humans and computers using natural language, with the goal of programming computers to fruitfully process large natural language corpora. In the realm of cyber security, NLP has numerous applications that can improve the detection, prevention, and response to many forms of cyber threats, including, but not limited to phishing attacks, social engineering attacks, etc[2]. With thousands of lines of logs, emails, alerts, social media posts, system news, etc. generated daily, NLP transforms mountains of text into valuable data to identify security events and situations, focusing on a small portion of the workflow and therefore automating the workflows, thus becoming a key technology in response to attacks in modern cyber security defense  strategies. 
Such is the topic of this chapter, focusing on understanding NLP, its practical applications, the challenges it poses, and how it may change the way we look at cyber defense. 
4.1 Understanding NLP (Natural Language Processing) 
While specific applications of NLP in cyber security will be covered, we need to first comprehend what NLP is and some of its basic components. NLP core is based on the usage of computational techniques to understand  the natural language datasets. Examples of this might include text classification, sentiment analysis, named entity recognition, and language generation, all of which are useful for improving cyber security capabilities[3].  
4.1.1 Text Preprocessing in NLP
Text preprocessing is one of the first and important steps in natural language processing is text preprocessing, because raw data, especially text data, often noisy and unstructured. Figure 1 show multiple tasks involved in this process, to transform data to be analyzed by an NLP model:  
[image: ]
Figure 1: Test Preprocessing
· Tokenization: Tokenization, which divides a stream of characters into words, punctuation, numerals, and other distinct things, is one of the simpler procedures that may be applied to a text. For instance, the character string

"Life is a journey, not a destination." – Ralph Waldo Emerson

can be tokenised as in the following example, where each token is enclosed in single quotation marks:

‘"’  ‘Life’  ‘is’  ‘a’  ‘journey’ ‘,’  ‘not’  ‘a’  ‘destination’ ‘.’  ‘"’  ‘–‘  ‘Ralph’  ‘Waldo’  ‘Emerson’

At this level, there is very little sign of syntactic structure and no classification of words into grammatical categories. However, relatively superficial tokenized text analysis can yield a good deal of information. Assume, for instance, that we wish to create a process for locating every personal name in a given text. Although we are aware that human names usually begin with capital letters, this does not set them apart from the names of nations, towns, businesses, racehorses, and so on, nor does it set them apart from capitalization at the beginning of sentences[4]. 

· Stopword Removal: Words such as “and”, “the”, “in”, “on” have little meaning in several NLP tasks. Removing them limits the data dimensionality and boosts processing performance.  There are several stop words in every human language. These words help us focus on the key information in our text by eliminating the low-level information. In other words, we may state that the model we train for our task does not exhibit any adverse effects from the removal of such phrases. 
Eliminating stop words undoubtedly shrinks the dataset, which in turn shortens the training period because fewer tokens are used.
One of the most studied topics nowadays is natural language processing (NLP), which has seen numerous ground-breaking advancements. In order to handle human language, NLP requires sophisticated computing abilities, and developers worldwide have produced a wide range of tools. There are many libraries available, but a select number are well-known and very helpful for a wide range of NLP jobs. 

Below is a list of stop words and the code for some of the libraries used to remove them from English.

Toolkit for Natural Language (NLTK): A fantastic library for working with natural language is NLTK. This is the first library you will utilize as you begin your NLP adventure. 
import nltk
from nltk.corpus import stopwords
sw_nltk = stopwords.words('english')
print(sw_nltk)
Output:
['i', 'me', 'my', 'myself', 'we', 'our', 'ours', 'ourselves', 'you', "you're", "you've", "you'll", "you'd", 'your', 'yours', 'yourself', 'yourselves', 'he', 'him', 'his', 'himself', 'she', "she's", 'her', 'hers', 'herself', 'it', "it's", 'its', 'itself', 'they', 'them', 'their', 'theirs', 'themselves', 'what', 'which', 'who', 'whom', 'this', 'that', "that'll", 'these', 'those', 'am', 'is', 'are', 'was', 'were', 'be', 'been', 'being', 'have', 'has', 'had', 'having', 'do', 'does', 'did', 'doing', 'a', 'an', 'the', 'and', 'but', 'if', 'or', 'because', 'as', 'until', 'while', 'of', 'at', 'by', 'for', 'with', 'about', 'against', 'between', 'into', 'through', 'during', 'before', 'after', 'above', 'below', 'to', 'from', 'up', 'down', 'in', 'out', 'on', 'off', 'over', 'under', 'again', 'further', 'then', 'once', 'here', 'there', 'when', 'where', 'why', 'how', 'all', 'any', 'both', 'each', 'few', 'more', 'most', 'other', 'some', 'such', 'no', 'nor', 'not', 'only', 'own', 'same', 'so', 'than', 'too', 'very', 's', 't', 'can', 'will', 'just', 'don', "don't", 'should', "should've", 'now', 'd', 'll', 'm', 'o', 're', 've', 'y', 'ain', 'aren', "aren't", 'couldn', "couldn't", 'didn', "didn't", 'doesn', "doesn't", 'hadn', "hadn't", 'hasn', "hasn't", 'haven', "haven't", 'isn', "isn't", 'ma', 'mightn', "mightn't", 'mustn', "mustn't", 'needn', "needn't", 'shan', "shan't", 'shouldn', "shouldn't", 'wasn', "wasn't", 'weren', "weren't", 'won', "won't", 'wouldn', "wouldn't"]
Let us check how many stop words this library has.
print(len(sw_nltk))
Output:    179
Let us remove stop words from a text.
text = "When I first met her she was very quiet. She remained quiet during the entire two hour long journey from Stony Brook to New York."
words = [word for word in text.split() if word.lower() not in sw_nltk]
new_text = " ".join(words)
print(new_text)
print("Old length: ", len(text))
print("New length: ", len(new_text))

Even though the code above is rather basic, I will nonetheless walk over it for newcomers. Since stop words are a collection of words, I took the text and divided it up into words. Since every word in the list of stop words is lowercase, I then altered the words to that. Next, I made a list of every word that wasn't on the list of stop words. The phrase is then once more formed by joining the resulting list.
Output: 
first met quiet. remained quiet entire two hour long journey Stony Brook New York.
Old length:  129
New length:  82
We can clearly see that the removal of stop words reduced the length of the sentence from 129 to 82.
             Some more libraries for this purpose are: Scikit-Learn, spaCy, Gensim
· Stemming and Lemmatization: Lemmatization and stemming are two crucial methods in text analysis and natural language processing (NLP) that convert words into their base or root forms. Information retrieval, sentiment analysis, and machine learning are just a few of the NLP applications that use these techniques to help reduce the dimensionality of text data[5]. Lemmatization and stemming have different methods and results, even though they both aim to reduce words to their most basic forms. We shall examine the differences between stemming and lemmatization in this post, providing examples to support our points.
Stemming: It is the process of reducing words to their most basic or root form by eliminating prefixes or suffixes. The resultant stem can represent several related words, but it might not be a word in and of itself. The procedure is really easy and consists of trimming common affixes by using predetermined rules. Because stemming is rule-based, it is typically quicker than lemmatization. 
For instance: Think about the terms "running," "runner," and "runs." They would all be reduced to the same stem "run" after stemming.
Benefits of stemming:
· Efficiency and speed: Because stemming algorithms use straightforward rule-based methodology, they are typically speedier.
· Simplicity: Compared to other approaches, stemming algorithms are easier to develop and comprehend since they employ straightforward heuristic criteria. 
· Better search performance: Stemming links various word forms in search engines and information retrieval systems, which may expand the range of search results.
Lemmatization: This more complex method, however, breaks words down to their most basic forms, or lemmas, while taking the word's context and meaning into account. Lemmatization, which differs from stemming in that it guarantees that the final lemma is a legitimate term, usually entails mapping a word to its lemma using a lexicon or vocabulary. 
For illustration, let's look at the same terms as before: "running," "runner," and "runs." Following lemmatization, they will be broken down into distinct lemmas according to their context and parts of speech.
Original Words: running, runner, runs
Lemmatized Words: run, runner, run
In this example, “running” remains unchanged, as it is already in its base form (a verb in the present participle form). “Runner” remains “runner” since it is a noun, and the plural form “runs” becomes “run,” the base form of the verb.
Benefits of Lemmatization:
· Accuracy and contextual understanding: Because lemmatization takes into account the morphological analysis and the context of words, it is more accurate. It is able to differentiate between various word usages according to the part of speech.
· Decreased ambiguity: Lemmatization improves the clarity of text analysis by reducing ambiguity by transforming words into their dictionary form. 
· Language and grammar compliance: Lemmatization produces outputs that are linguistically meaningful by adhering more closely to the target language's lexicon and grammar.
· Normalization: We should be clear about what we want to normalize and why before beginning any text normalization[6]. Additionally, the input's purpose informs the procedures we'll use to normalize it. We are particularly interested in normalizing two things: 
Should a sentence always be punctuated at the end? Can punctuation signals be repeated? Should all punctuation be eliminated? Additionally, although it is more difficult to accomplish, more specialized structures (such as simply achieving to subject verb object) can be employed.
One of the main things to focus on is vocabulary. Generally speaking, we prefer to have as limited a vocabulary as feasible. The reason is that words are our primary feature in NLP, and we can better accomplish our goals when there is less variety in these. 
By decomposing these two features into smaller issues, we may normalize them in practice. These are a few of the most typical ones:
· Duplicate punctuation and whitespace are eliminated. 
· Accent elimination (this helps to prevent issues related to encoding type if your data contains diacritical markings from "foreign" languages). 
· Elimination of capital letters (using lowercase terms usually yields better results). However, there are instances in which capitalization is crucial for obtaining information, such as names and localities.
· Elimination or replacement of special characters or emojis (e.g., hashtags).
· Contractions are frequently substituted in English, such as "I'm" to "I am."
· Convert word numerals to numerical values (for example, "twenty three" → "23").
· Values are substituted for their type (for example, "$50" → "MONEY").
·  Normalization of acronyms (for example, "US" → "United States"/"U.S.A.") and abbreviations (for example, "btw" → "by the way").
· Normalize data that follows a common format, such as social security numbers or date formats.
· Spell correction (because a word can be spelled in an unlimited number of ways, spell corrections "correct" it), which is crucial when working with open user inputs like emails, instant messages, and tweets.
· Lemmatization or stemming is used to eliminate gender, time, and grade variance. 
· The replacement of uncommon terms with more widely used synonyms.
· Stop word removal (not so much a normalization technique as a dimensionality reduction technique, but we'll leave it here for the sake of discussion).
 These preprocessing techniques help to prepare the input data in a format that can be more easily processed and interpreted by NLP algorithms. The table 1 shows the impact of these Preprocessing Techniques on Model Accuracy.
Table 1: Impact of Preprocessing Techniques on Model Accuracy [3][7][19]
	Preprocessing Step
	Model Accuracy (%)

	None
	65

	Tokenization
	70

	Stopword Removal
	75

	Stemming/Lemmatization
	78

	Normalization
	80


4.1.2 Named Entity Recognition (NER)
It is a key area in NLP where the model is identifies various entities within the passage such as persons, places, organizations, date, etc. For example, NER may be used in the field of cyber security to automatically extract mentions of suspicious IP addresses, malware names, or hacker pseudonyms from large quantities of textual information. This enables cyber security experts to rapidly spot numerous potential entities and take necessary action[4]. For instance, NER can parse network traffic logs to find a signature to an IP address or domain related to a known malware strain, or glean through security bulletins to identify vulnerabilities and threats with great efficacy[8][9].  

Process of Named Entity Recognition: NER functions as an information extraction method, and it can be broken down into a few essential steps:
· Preprocessing Text: Preparing the textual material for analysis is the initial stage. This usually involves part-of-speech tagging and tokenization, which involves dividing the text into words or phrases. 

Identification of Entities: Following preprocessing, NER algorithms search the text for word sequences that match entities. For instance, designating "Apple Inc." as a corporation or "New York City" as a place. 
· Classification of Entities: Following identification, NER classifies the identified things into pre-established kinds or classes. Person, Organization, Location, Date, and more are examples of common categories.
· Analysis in Context: NER is more than just entity recognition and classification. In order to ensure correct classification, it also takes into account the context in which these items appear. For example, NER determines the appropriate context when the term "Apple" is used to describe either the fruit or the computer behemoth.
4.1.3 Sentiment Analysis
Determining whether the author's or speaker's feelings are favorable, neutral, or unfavorable regarding a particular subject is known as sentiment analysis. For example, you start by examining customer reviews beneath products that have been purchased or comments under your company's post on any social media platform because you want to learn more about the emotion of your customers. You would like to know whether the consumer is neutral, happy, or dissatisfied with your services. In other words, whether the customer feels positively or negatively about your goods, services, or behavior. Sentiment analysis is the process of determining this.
In cyber security, this technique can be employed to identify such attacks that engage in phishing or social engineering using manipulative language. Through the tone, urgency, and sentiment behind email or other type of messages, sentiment analysis can easily reveal phishing attempts or instances where attackers are attempting to exploit emotional vulnerabilities of users.  More broadly sentiment analysis can also be applied to observing online communities or forums where threat actors exchange ideas on new exploits or vulnerabilities, giving us an early warning of potentially forthcoming threats[10].  
Four common groups for sentiment analysis are:
· Graded sentiment analysis
· Aspect-based sentiment analysis
· Emotion detection
· Intent analysis
4.1.4 Machine Translation and Text Generation 
Machine translation is the process of translating text between languages using computer algorithms. Conventional machine translation (MT) systems have produced translations using dictionaries and pre-established criteria. Despite their usefulness, these algorithms frequently have trouble understanding linguistic subtleties, which results in awkward or clumsy translations. All of that might be altered by text generation.
Consider the following English sentence:
 "I enjoy eating pizza."
In order to do this, the machine translation program first breaks the sentence down into its component words, sentences, and grammar using natural language processing (NLP) techniques.
Then, using statistical or neural machine translation algorithms, the software determines each word or phrase's most likely translation based on its context and statistical patterns in previously translated material. For instance, it might use patterns from other English-to-Spanish translations to decide that "like" in this context should be translated as "gusta" in Spanish.
The various translated words or phrases are then combined by the machine translation software to form a cohesive sentence in the target language, as "Me gusta comer pizza" in Spanish[11].
Machine translation enables systems to automatically translate text from one language to another, an important feature in an increasingly globalized cyber threat landscape. Because many cybercriminals operate across national boundaries, cross-lingual understanding is essential for threat detection and mitigation. Response generation, on the other hand, is the process of generating human-like text given input. In the field of cyber security, text generation can be employed in a myriad of applications such as generating realistic phishing simulations for educational purposes, or writing reports about incidents of security breaches.  

4.2 NLP Applications in Cyber security 
NLP also has some excellent advantages to be integrated with the field of Cyber Security which gives developers an edge in detection and response to security incidents. Here are a few of the most significant use-cases of NLP in cyber security:   
4.2.1 Threat Intelligence Analysis
Collecting, processing, and sharing information regarding potential or current cyber threats, threat intelligence refers to security information related to planned or active cyber threats. Many of these data are unstructured, such as blogs and forum posts, threat reports and social media conversations. NLP comes to the rescue here.      
NLP can help process large amounts of text data to identify emerging threats, vulnerabilities, and attack patterns. NLP systems work by reading through documents, reports, and forum posts to extract important information like the names of new malware variants, vulnerabilities in commonly used software, or techniques being discussed among threat actors. This can enable cyber security teams to detect and remediate threats far more quickly than they could manually[12][13]. 
An example of this might be systems that are NLP-based and track hacker forums to report mentions of new attack tools or exploits, thus allowing organizations to be warned early. By adopting this prevention-first mindset, companies can combat information security threats before they have the opportunity to wreak havoc. 
4.2.2 Phishing Identification and Prevention
Another very common type of cyber crime is phishing attacks, where hackers try to dupe users into giving them sensitive information via fake emails. These attacks typically leverage social engineering tactics, and are increasingly harder to identify using traditional signature-based approaches. NLP gives its one of the best uses in the aspect of phishing detection by studying the content and outline of such email messages. It can detect, repetitive patterns like urgency in mailing subject line,  unknown sending emails, misspelled words, strange language etc which is used to create phobia or urgency in data. By utilizing these phonetic qualities, NLP designs can identify dubious emails in advance of the end-user.
Machine learning-based NLP models are designed to be trained on a sufficient amount of phishing and non-phishing emails to allow the system to learn and improve its phishing detection capabilities. For large organizations that receive a lot of emails, this is commendable because the ability to handle tons of messages is essential.  
4.2.3 Detection of Social Engineering 
These types of attacks use psychological manipulation of users into making security mistakes or giving away sensitive information. Common techniques used in these attacks include impersonation, pretexting, baiting, or soliciting secret information under false pretenses.  
Natural language processing (NLP) — automating the reading and understanding of words, letters, and tones — can spot social engineering attacks by evaluating the words and patterns seen within emails, phone scripts, or text messages. The NLP models can be trained to identify manipulative language, such as demands for immediate action, promises of reward, or threats of negative consequences in the event of the targets failure to comply. NLP systems can then flag potential social engineering attempts even before they result in a successful breach by analyzing these linguistic features.  
Another application of NLP is in analyzing internal communications or chat logs within an organization, for potential insider threats or attempts to manipulate employees into sharing sensitive data.  
4.2.4 Malware Analysis
Malware analysis is the study of malicious code to learn more about how it works, where it came from, and what damage it can do. Although a traditional malware analysis is the practice of analyzing binary files, it also can be done using a textual approach by using NLP (Natural Language Processing) to analyze the text data like embedded scripts, configuration files, or obfuscated code associated with  malicious software. 
You can use NLP techniques such as text classification, sequence labeling and pattern recognition to detect malicious patterns in code or scripts. For instance, an NLP model can  learn to recognize certain keywords or function names that are often indicative of malware behavior, which can assist analysts in rapidly identifying and addressing potential threats. As an extension of this, NLP models can also ingest and classify reports or documentation about malware giving rise to faster detection of unknown threats. 
4.2.5 Monitoring of Security Events and Logs 
If an attacker doesn't monitor or act, security events and logs play a vital role in detecting and auditing vulnerable systems and users. The problem is that the volume of log data generated by these modern networks can swamp human analysts. A large number of these logs are in textual format, thus making it laborious to manually extract useful insights. 
NLP techniques can be used to automatically analyze vast amounts of logs in order to identify common patterns or certain behaviors that have the tendency to reveal signs of suspicious or malicious activity. NLP can assist security teams by classifying and labeling logs according to their severity and relevance, allowing them to identify which events must be addressed urgently.
NLP can, for instance, assist with detecting log entries that may be associated with abnormal access patterns, failed logins, or attempts to exfiltrate data. This information will allow cyber security teams to respond quickly and effectively to potential threats as they arise[14].   
4.2.6 Automated Incident Response 
Text analysis from incident reports can also help automate incident response processes, such as generating incident reports or recommending appropriate mitigations using NLP techniques. For example, when there is a security event, NLP-based systems can analyze the event logs, emails and other related data to produce automated responses or alerts.  
For example, NLP can produce reports describing the nature of a security incident, the affected systems, and the potential impact to enable incident response teams to respond fast and reduce damage. NLP types also automate communication with impacted users and help them navigate steps to secure their accounts or devices. The table 2 shows the Distribution of NLP Applications in Cyber security.    
Table 2: Distribution of NLP Applications in Cyber security [8][9][10][13][14]
	Application Area
	Percentage (%)

	Phishing Detection
	30

	Threat Intelligence
	25

	Malware Analysis
	20

	Social Engineering
	15

	Log Analysis
	10


4.3 Challenges in Integrating NLP into Cyber security 
While our research indicates that NLP is a great promise for the future of cyber security and the industry as a whole, to achieve its full potential there are still challenges that must be overcome.  
4.3.1 Data Privacy and Security
When implementing NLP in cyber security, the major aspect to cater is the handling of sensitive data like Personally Identifiable Information (PII)​ or corporate secrets. NLP models, in general, are trained over big data,  which may include personal information. The NLP systems used by the organizations should be in compliance with data privacy regulations like GDPR, CCPA, and HIPAA, which means, if there is any sensitive data, it should be protected during training or analysis.  
Furthermore, using NLP systems to monitor internal correspondence or user behavior for this purpose also raises questions of surveillance, as well as the potential abuse of information. This means organizations should employ robust data governance practices to ensure they are using NLP in a way that is both ethical and legal[15][16].  
4.3.2 Quality of Data
NLP Model training relies on data — the data that the NLP model is trained on determines its accuracy and reliability. High-quality labeled datasets are crucial for training models in cyber security that can effectively mitigate threats. But in many cases, collecting enough labeled data, particularly for the new threats that emerge, can be challenging. Cyber attacks evolve at a pace faster than model based detection systems can be updated, and so threat prediction systems need to be constantly updated and retrained to maintain efficiency.  
Not only is data labeling resource-intensive it also requires knowledge, for instance to label the correct features of phishing emails, malware scripts, social engineering. Building high-quality datasets representative of the current cyber threat landscape requires investment in data collection and expert resources.    
4.3.3 Dealing with False Positives and Negatives 
On the cyber security side, one of the main issues with the application of the NLP is balancing the trade-off between false positives and false negatives. False positives are benign events or communications that have been put into the threat category accidentally, casting unnecessary alarms and creating disruptions. A false negative occurs when a real threat is ignored and can cause a breach.  
In cyber security, the risk of a false negative (failing to see a real threat hit) is way worse than a false positive (flagging a threat that’s not a threat). In summary, NLP systems should be carefully calibrated to reduce both types of error, which is inherently difficult, especially in complex and dynamic environments such as cyber security[17][18].  
4.3.4 Model Interpretability
Interpretability, which is the degree to which a human can understand the reasons behind a model's decision, is a key issue applying NLP to cyber security. Security professionals must learn and trust 
4.4 NLP in Cyber security: Future Directions 
As both NLP and cyber security networks evolve, a variety of promising future directions are likely to shape the next generation of cyber security defense tools:  
4.4.1 Deep learning, transfer learning 
We have state of the art in human language understanding and generation with deep learning models. These deep learning models with great performance in NLP can be utilized in various cyber security areas such as threat detection, intervention, and malware analysis. Transfer learning, whereby a previously trained model can be adapted for new tasks with little training data will also be a key development for NLP related cyber security applications, allowing systems to easily adapt for new and emerging threats.    
4.4.2 Threat Detection in Real Time
Prompt detection of such threats is imperative to mitigate the effects of cyber attacks. As more and more data is generated, NLP models that  are capable of understanding and processing data as it comes will be of greater value. Training on data to enable syntax and semantic analysis up to October 2023 (which help systems process and analyze textual data in real-time) will provide cyber security teams with the capabilities to reliably detect existing and potential threats, and respond accordingly.  
4.4.3 Autonomous Security Systems
No doubt the future of cyber security will be all about autonomous security systems that will track, respond and mitigate risks with little to no human intervention. Natural Language Processing (NLP)  along with other AI techniques will form the backbone of these autonomous systems. Such systems would be able to constantly monitor networks, process communications, and adapt to the changes in attack tactics, offering a more dynamic and proactive approach to fighting cyber threats
4.4.4 Multilingual Cyber security solutions 
In the face of increasingly global cyber threats, NLP will be critical to enabling multilingual cyber security solutions. The evolution of security tools with advanced machine translation techniques will also empower them with the ability to process and comprehend threats in various languages making it possible for organizations to monitor and defend themselves against threats in a global context. This feature will be critical for multinational enterprises with a global presence [20].  
Conclusion
In this context, Natural Language Processing is fast becoming a potent tool in the cyber security toolkit, providing innovative methods for detecting, preventing, and responding to cyber threats. NLP applies a variety of techniques such as  text classification, sentiment analysis, named entity recognition, and machine translation that can help cyber security experts with more effective processing of unstructured data, identifying new threats and automating critical elements of incident response.  
Although concerns like data privacy, model accuracy, and interpretability persist, the future of NLP is optimistic in the context of cyber security. Thus, AI and NLP technologies will adapt even more. The use of NLP in cyber security allows organizations to proactively manage potential attacks, enhancing their ability to defend against cybercrime. 
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