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Abstract				
This paper investigates the potential of AI to identify gender biases in recruitment for senior management positions in businesses, dealing with many documents. It aims to unravel the impact of gender biases in job advertisements as a possible reason behind the underrepresentation of women in the corporate world. An innovative experiment that extracts and analyses 2.198 job offers published in February and September 2021 in the Financial Times newspaper is presented. Natural language techniques are used. These methods identify the most frequent terms and their appearance rate in the advertisements showing the gender biases they generate. By enabling the analysis of many documents, the method allows the accurate identification of gender biases. This use is unique in management studies. The results show a strong co-occurrence of terms associated with male roles in the studied sectors. The concept of agentic-communal role differentiation, rooted in the Identity, homosocial, and TM-TM theories, supports the findings. This knowledge will contribute to using NLP to discover gender biases in recruitment for high decision-making positions proposing action to improve the present situation. Should more women ascend to decision-making positions, selection processes should be improved to reflect a more neutral language. At the same time, cultural changes should be promoted in the corporate world toward more inclusive workplaces. 
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1. Introduction
In recent decades, there has been a cultural change in the corporate world regarding gender equality, characterized by the significant increase in the number of women who have received professional training to enter and develop their careers. This cultural change has led society to demand businesses greater social responsibility and, consequently, changes in the legal framework through laws and measures aimed at achieving real and effective equality between women and men.
Despite the progress that has been made, there are still areas for improvement to guarantee effective equal opportunities. The fact that women face more obstacles in reaching decision-making positions in the case of selection and recruitment processes, is due to multiple factors. Most have to do with sexist prejudices related to gender stereotypes and biases leading to discrimination (Foley & Williamson, 2018; Stephenson et al., 2022 [1,2]).
All considered, gender biases in recruitment remain an issue for society and the economy. Social fairness and equity are harmed, but innovation, diversity, and economic growth also suffer. By recognizing and addressing the negative influence of these biases, businesses can cultivate inclusive environments that will benefit both society and the individual.
Job postings are the first step for recruitment and, thus, the door to these potential biases. Job posting for high decision-making positions can vary depending on the industry and the specific job role. However, there are some elements that are common. Specifically, stereotypes persevere in the frequent gendered language, trait emphasis, and biased requirements of job postings. 
AI can play a decisive role in identifying gender biases by dealing with a great source of documents. NLP techniques can analyse terms and sets of words to identify the language and traits associated with managerial positions and then compare how those traits are associated with gender. These techniques place themselves, therefore, as important and innovative in the path to improve diversity in recruitment.
As the requirements are listed, male candidates may find more advantages in certain qualifications. Aspects unrelated to performance, such as high emphasis on leadership style, previous job title, or years of experience, benefit male applicants more (Bhardwaj, 2022 [3]). The job title may include words like "Director," "Vice President," "Manager," or "Executive," depending on the level of the position. It will likely list the key responsibilities and duties of the position, which include making critical decisions that impact the organization's strategy and direction, developing and implementing plans to achieve specific goals, managing budgets and resources, and leading teams. 
In the context of this research, Social Identity Theory, Homosocial, and the TM-TM theories can be applied to explore how job postings´ wording may influence recruitment processes for high decision-making positions. 
This paper aims to unravel the impact of gender biases in job advertisements as a possible reason behind the underrepresentation of women in the corporate world. The main objective is, thus, if the effectiveness of using NLP techniques adds a new dimension to identifying gender biases from job postings. 
The rest of the paper is sorted into four different sections. In the first section, we present the theoretical background that supports the development of the hypothesis. I explain the main concepts and theories that may apply to identify biases in job advertisements. 
The methods and analyses follow right after in the third section. In the analyses, I use vectorization techniques to reduce documents to the vector of words; frequency technique, a metric in the field of information retrieval (IR), which weights the frequency of occurrence of each term found considering the whole set of documents of the job postings, and the Silhouette method to make homogenous clusters of documents. We then use the Semantic distance of each cluster to words indicating male or female roles, following a traditional agentic versus the communal list of terms.
In the findings and discussion section, we summarize key findings and interpret the results. We then discuss the implications, strengths, and limitations of the study. In the conclusion section, we explain how NLP can identify gender biases and contribute to gender equality in organizations.


2. Concepts, Theories, and Hypotheses
In this paper, we study gender biases in job offerings by applying NLP techniques. This section clarifies concepts and theories that may contribute to discussing the effectiveness of NLP techniques and the extent to which they can contribute to identifying gender biases in job postings.
We then present the impact of gender biases in job postings in high decision-making positions and their impact on diversity in recruitment methods. The concepts of Communal and Agentic Roles and Values are presented to understand how the use of gendered language may reduce and may have an impact, on enduring gender segregation in the workplace. Hypotheses are then presented, and theories are to explain how and to what extent gendered language impacts selection processes.
2.1 Natural Language Processing, Text Classification, Soft Computing Techniques: Its Use and Limitations in Recruitment
Natural Language Processing (NLP) can be defined as a subfield of artificial intelligence that focuses on the interaction between natural human language and computer systems. It involves developing algorithms and models that can analyse, understand, and generate human language in a way that is useful to detect gender biases and process a large quantity of data. 
The ability to screen large quantities of information is a strength of the automated DS systems that can make selection processes more time-efficient (Campion et al., 2016 [4]). There is, therefore, an increasing interest in using automated decision support in personnel selection (Langer & Landers, 2021 [5]).
In addition to that, HR managers could benefit from automated tools in selection without the need to be exposed to negative perceptions by important stakeholders (e.g., applicants, Gonzalez et al., 2022 [6])
Various NLP techniques and algorithms, such as machine learning algorithms and lexical analysis, can be used to analyse and generate natural languages (Manning and Schütze, 1999 [7]). If they are robust, generalizable, and can handle variation and ambiguity, they may be used to analyse the language used in job postings. Providers of AI-based personnel selection solutions commonly market their systems in a way that highlights the potential for less bias in personnel selection when organizations use their systems (Raghavan et al., 2020 [8]). 
However, several authors maintain that more evidence that such systems can prevent bias is still needed. According to research, it might be necessary to train decision-makers on challenges when relying on automated systems (Oswald et al., 2020 [9]). This training becomes crucial if human decision-makers are responsible for overseeing AI-based systems in the selection, as proposed in current drafts for legislation on AI (e.g., the European AI Act). A working definition of biased systems can be explained as “computer systems that systematically and unfairly discriminate against certain individuals or groups of individuals in favour of others” (Nissenbaum & Friedman, 1996 [10]). Additionally, it has been pointed out that the modes of algorithmic knowledge production through categorization and classification are needed to better understand their workings and the resulting biases (Crawford, 2017 [11]).
Bohnet presented that behavioural design could be used to reduce gender biases in job postings (Bohnet, 2016 [12]). She suggested that AI and NLP could replace gendered wording, improving more neutral job posting advertisements. Additionally, a methodology was developed to remove gender stereotypes from word embeddings (Bolukbasi et al., 2016 [13]), a natural language processing technique that reduces the mathematical dimensionality of words or phrases’ representations and thus makes them easier to process computationally. Fairness criteria like demographic parity (Zemel, 2013 [14]) and equal opportunity (Hardt et al., 2016 [15]) prohibit discrimination against protected attributes on a statistical level in the internal model of an algorithm, avoiding, thus, redundantly encoding. A study in 2018 provided a demonstration that AI algorithms can identify biases in texts using word embedding to analyse gender and ethnic biases in different types of texts, including job postings (Garg et al., 2018 [16]). Garg showed that biases had decreased substantially, but some persist. 
Recently, researchers sustained that soft computing techniques, such as fuzzy logic and neural networks, can be used to analyse and classify natural language data and, thus, to detect biases in automated systems. Like NLP, soft computing techniques and text classification can also be employed to boost equity and identify biases in automated systems due to their ability to organize and analyse natural language data. If these systems were to apply bias-aware algorithms to examine training data for biases and attempt to lessen them, they could be executed to avert system bias (Wang & Blei, 2021 [17]).
By using NLP techniques to analyse the language used in job postings, it may be possible to identify patterns of gendered language. Moreover, by implementing a bias-aware learning algorithm that explicitly takes into account the potential biases in the training data and attempts to mitigate them, we may test whether these patterns have a positive impact on the gender composition of job applicants. We, therefore, hypothesize as follows:
Hypothesis 1
NLP techniques in recruitment processes for high decision-making positions are helpful in identifying gender biases, and potentially increase a more diverse pool of candidates.
2.2 Gender Biases in Job Postings and Theories
The literature on gender has traditionally identified gender biases in job postings and their consequences for high decision-making positions. I present here the theories that further explain the consequences of these biases on women´s careers. 
Gender differences in the linguistic style of every day have been extensively researched (Carli, 1990; Lakoff, 1975 [18,19]). Women use a more communal style of speech than men (Brownlow et al., 2003; Haas, 1979; Leaper & Aryes, 2007 [20,21,22]) and make more references to social and emotional words (Newman et al., 2008 [23]). 
Despite progress toward gender equality at work in recent years, gender segregation and clear gender differences in labour market outcomes persist (England et al., 2020 [24]). The hiring process is critical in addressing gender inequality (Bertrand, 2020 [25]). Ibarra and others explore the impact of gender-exclusive language in job postings on women's feelings of belonging and interest in applying for high decision-making positions (Ibarra, 1997; Chattopadhyay et al., 2004 [26,27]). Stout and Dasgupta posit that gender biases in job postings for high decision-making positions include the underrepresentation of women in leadership roles, perpetuating gender stereotypes, self-selection out of opportunities, and gender inequality in the workplace (Stout & Dasgupta, 2011 [28])
Research has provided clear evidence that job postings, explicitly and implicitly, signal employers’ preferences for certain types of candidates, which may lead to potential gender biases. There is an indication that the language and wording used in UK STEM job advertisements are biased toward a masculine orientation (Hu. et al., 2022 [29]); and even that there is a positive association between male-biased job postings and a male-dominated STEM workforce, (Born and Taris, 2010 [30]). 
2.3 Communal and Agentic Roles and Values 
Understanding agentic and communal roles is crucial for recognizing and addressing gender stereotypes in decision-making positions and how job posts may be impacted. By acknowledging these roles and their influence on our perceptions, work can be done towards reducing gender biases. Acting ‘like men’ or acting ‘like women’ have been stereotypically introduced as agentic (male-type) and communal (female-type) behaviour.
Eagly's Social Role Theory is particularly useful when aiming to understand gender bias in job postings (Eagly, 1987 [31]). Through the lens of social role theory, societal rules, historical circumstances, and cultural patterns can be studied to determine the impact of language and job requirements in career posting. In this way, it can be understood whether certain job postings include language and requirements that cater to one sex due to gender stereotypes. Biases may have consequences of deterring applicants of the opposite sex, therefore creating more gender bias.
Useful for discovering gender values in job postings, Cejka and Eagly noted that gender roles are mainly created because of the difference in labour associated with men and women (Cejka & Eagly, 1999 [32]). These different roles are connected to distinct characteristics. Agentic characteristics (traditionally associated with men) include competitiveness, assertiveness, and independence. In contrast, communal characteristics (traditionally associated with women) include cooperation, warmth, and nurture. This division encourages stereotypes as society associates agentic behaviours with men and communal behaviours with women (Bem, 1981 [33]). More recently, the concept of agentic and communal designations in values and roles has gained recognition and has been employed in multiple areas of study, such as career development (Heilman, 2001; Heilman & Okimoto, 2007 [34, 35]). The list of words and values of communal versus agentic roles and values is fluid. The evolution of this list represents the progressing comprehension of gender stereotypes and their influence on women´s career development (Rudman & Phelan, 2008 [36]). This is particularly true in occupations that are typically male dominated, as female applicants are less likely to apply due to the gendered language (Gaucher et al., 2011 [37]). 
In relation is the idea of the anticipatory sorting process. For example, it has been discovered that when women identify gender bias in a job posting, they may self-select themselves out of these positions. As happens often when women examine high decision-making positions. This idea is expanded on by Fernandez-Mateo and King (Fernandez-Mateo & King, 2011 [38]), who conclude that this self-selection disqualification is an essential contributor to the lower levels of women in leadership roles and enduring gender segregation in the workplace.
[bookmark: _Hlk160645407]Similarly, Bohnet, argues that not only does gender biases in the recruitment process depress the number of women applying to high decision-making positions, but it also contributes to gender stereotypes, gender inequality, and a lack of diversity (Bohnet, 2016 [12]). When confronted with gender biases and exclusive language in a job posting, women interpret that they are not valued in these positions (Stout, 2011 [28]). Therefore, they are less likely to apply, and there is a low percentage of female composition in leadership or executive positions. As can be predicted, research shows that men are attracted to roles with more agentic language, and women are attracted to roles with more communal language (Gupta et al., 2018 [39]).
2.4 Homosocial Role Theory    
[bookmark: _Hlk160645488][bookmark: _Hlk160645509]The theory that people of the same gender form bonds with others who are related to them regarding gender is known as homosocial role theory (Kanter, 1977; Kanter, 1993 [40]). This theory provides a significant foundation for exploring gender bias in recruitment. A result of this theory in the practical world is the skewed hiring and promotion procedures and the continuance of agentic and communal gender vocabulary in job postings. Consequentially, the male-dominated high decision-making positions are more likely to be imbalanced, as women are isolated from these places by homosociality. The extensive effects of these social bonds can be seen in workplace power structures through gendered relationships and networking, with gender-exclusive social networks and unofficial preferences for hiring. In addition to the barriers presented by homosocial role theory, the gender stereotypes of management being a masculine occupation contribute to fewer women ascending to management positions or being recruited (Schein, 2001 [41]). Ollilainen & Calasanti (2007) [42] present a wider variety of values and skills in leadership, the perpetuation of a gendered hierarchy of authority, and the use of metaphors with teams. Holgersson's research (2013) [43] on the recruitment of managing directors reveals that homosociality can contribute to gender biases in job postings and hiring processes.
2.5 Think-Manager Think-Male Theory
The TM-TM association (Schein, 1973 [44]) has been one of the core arguments in the discussions of women´s empowerment in the business world. TM-TM is founded on a belief that effective management is based on ‘men-like’ or male-type values. 
Gender stereotypes about desired management qualities are linked through cyclical reinforcement. A study in 2001 by Schein expanded on this connection, as society associates masculine traits with necessary leadership traits. This overlap of characteristics between masculinity and leadership includes qualities like assertiveness, dominance, and decisiveness. Therefore, leadership positions emphasize these traits, which men identify with. The high percentage of men in these positions continues to strengthen the stereotype that these positions are more suited for men, and future posts include the same gendered language. The concept of the Think-Male-Think-Manager theory is explored more with the link between gendered traits and forms of leadership (Gartzia, & Van Engen, 2012 [45])
[bookmark: _Hlk160645533]Managers are recruited and rewarded based on their capacity to act goal-driven, decision-making, and assertively. Oppositely, ‘women-like’ or female-type leadership values typically refers to acting oriented to others and their well-being (Eagly et al., 2020 [46]). 
The three theories of Social Theory, Think-Male-Think-Manager Theory, and Homosocial Theory are relevant material for analysing gender bias in job recruitment. They can assist thus in the outcome of a basis for communal versus agentic language. The following table, Figure 1, can be used as a representation of agentic and communal roles based on different contributions. 
Based on this, we hypothesize as follows: 
Hypothesis 2 
The co-occurrence of gendered terms in job postings varies within sectors. The occurrence of gender-biased language and masculine-coded terms is higher in more agentic sectors.



Figure 1. Agentic and communal word comparison 


	MALE ROLE agentic
	FEMALE ROLE communal

	Performance
	Collaborative

	Problem
	Responsibility

	Strategy
	Equality

	Decision
	Reputation

	Team
	Transparency

	Market
	Security

	Consumer/client
	Ethics

	Growth
	Disclosure

	Pressure
	Empowerment

	Power
	Sponsorship

	Outcome
	Social

	Result
	Justice

	Financial
	Sensitivity





3. Methods and Findings: Extraction, Pre-processing, and Analysis of Information
3.1. Data Description
To carry out the experiment, we have obtained the information from the Financial Times newspaper. Specifically, we have downloaded the information of all the announcements addressed to management on 28/2/2021 and 4/9/2021. In total, we have downloaded 2.198 advertisements for processing. With all of them, we have generated a database containing one record per announcement with the following fields:
- ID: the unique identifier of each advertisement in the database.
- Location: location of the job.
- Salary: salary range of the job position.
- Recruiter: entity or person in charge of the selection process.
- URL: address where the complete information of the advertisement can be found.
- Description: full text of the advertisement (accessed through the URL).
With this information, our objective is to highlight those key terms that are the most repeated in each offer and the most important within the offer to make conclusions about them.
3.2. Information Processing
Once the database has been extracted and formed, we have to clean the information for further analysis and the development of classification models. The text must be as homogeneous as possible, so we will apply a series of steps to help us reduce the level of ambiguity without losing important information.
[bookmark: _Hlk133406697]The first step consists of eliminating all those words that have no meaning for our analysis, or the stop words, such as 'a', 'the' 'that' 'and', Etc., using the NLTK library (NTLK 3.5 documentation, 2023 [47]). Also, to better filter the keywords, we have carried out a lemmatisation process to reduce each word to its canonical form or lemma. In this way, we reduced the number of words and grouped them by similarity.
Finally, we have eliminated the punctuation marks. Then tokenized and syntactically parsed the sentences to keep only the nouns and adjectives of which we will carry out the rest of the analysis, resulting in a set of words as shown in Figure 2:
Figure 2. Example of the set of words at the end of the text cleaning process.
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3.3 Representation Models
In the following steps, we present a series of algorithms that we have applied to the data, particularly, to the content or descriptions of each job offer to evaluate the terms and the language in which they are written. We aim to find the most frequent and most relevant terms in all the job offers, then draw conclusions about the language used.
3.3.1 Bag of Words
The most common representation of documents is usually done through vectorisation techniques, which reduce a document to a vector of words based on its appearance and context. A prevalent representation model using this technique is the so-called Bag of Words (Wu, L. et al, 2010 [48]). In this case, it is also applied to detect the most frequent words in the texts analysed and the count of each word in the total number of documents, as seen in Figure 3, where the most frequent words are shown with their degree of occurrence:
Figure 3. Most repeated words in the total number of documents, together with their rate of occurrence.
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To better visualize the results, we complemented it with NLTK's FreqDist tool, as shown in Figure 4, and with a word map or wordcloud (Wordcloud 1.7.0., 2021 [49]), as shown in Figure 5, which allows us to better highlight the most repeated terms within the set of documents.
Figure 4. Result of the bag of words distribution with the FreqDist tool.
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As seen in Figure 4, the ten most repeated words are 'experience', 'business', 'management', team', 'role', project', 'delivery', 'financial', 'development' and 'client', with an incidence of over 600 occurrences in the total number of documents.
Figure 5. Representation model of the bag of words with the Wordcloud tool
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3.3.2 Term Frequency (TF_IDF)
The term frequency technique, "Term Frequency times Inverse Document Frequency", is a widely used metric in the field of information retrieval (IR), which weights the frequency of occurrence of each term based on the documents in which it appears, considering the complete set of documents (Aizawa, 2003; Salton and McGill, 1983 [50, 51]). The formula applies a series of weights to each term within the document that detects which are the most relevant in each document.
In our case, we have used the NLTK library (NTLK 3.5 documentation, 2023 [47]), which applies the formula through two algorithms (Towards Data Science, 2022):
-Term frequency: defines how common a word is within a text. Its formula is TF(t) = (Number of times the term t appears in a document) / (Total number of terms in the document).
- Inverse document frequency: Measures the importance of a term within a document. Its formula is IDF(t) = log e (total amount of documents/number of documents with term t).
By applying this metric, we can extract the most relevant terms for each cluster and check whether they coincide with the results of the Bag of Words. The results obtained in this phase will serve as input for generating a cluster that divides the documents based on their content and most relevant terms.
3.3.3 Clustering of Documents According to Their Most Relevant Terms
To check documents' homogeneity and similarity based on content and relevant terms, we used the output of the tf-idf weighting to generate the clusters. Calculating the optimal number of clusters, we recommended dividing them into 2 clusters by the Silhouette method, seen in Figure 6, as they had a higher homogeneity than if we increased the number of clusters, where the number of documents in some of them would be unrepresentative.
Figure 6. Output of the Silhouette method for different number of clusters.
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In this case, with two clusters, we have reduced the characteristics of each document to the 8 most relevant terms in its content, obtaining 1853 documents in the main cluster and 345 in the second cluster, as seen in Figure 7.
[image: A picture containing text, screenshot, font, document

Description automatically generated]Figure 7. Grouping of documents according to their most relevant terms.
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Regarding the sector of the document in each cluster, it can be seen below that in cluster 0 (Figure 8a), the most frequent terms are those referred to as "Others" (606), followed by "Transport" (431) and "Banking" (346). In the case of cluster 1 (Figure 8b), the most frequent terms are those from the "Financial S." sector. (168), followed by "Banking" (113).
	SECTOR
	Nº OF DOCUMENTS IN CLUSTER 0

	IT/Tech
	265

	Transport
	431

	Financial S.
	124

	Banking
	346

	Others
	606
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Descripción generada automáticamente]Figures 8a and 8b. Distribution of sectors in cluster 0 (7a) and in cluster 1 (7b).
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	SECTOR
	Nº OF DOCUMENTS IN CLUSTER 1

	IT/Tech
	18

	Transport
	23

	Financial S.
	168

	Banking
	113

	Others
	23




To explore the content of each cluster, we will again use a wordcloud that will visually show us the keywords according to how the documents have been grouped. Thus, as seen in Figure 9a, in cluster 0 with 1853 documents, we see the terms that characterize most of the analysed offers. However, in Figure 9b, with 354 documents, words related to the financial sector appear, which may correspond to a group of offers belonging to the same sector that use the same more specific terms for their definition.
Figures 9a and 9b. Wordclouds of the most relevant terms of the documents are contained in cluster 0 (8a) and in cluster 1 (8b).
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3.3.4 Semantic Distance of Each Cluster to Words Indicating Male or Female Roles
To determine whether a cluster has a predominance of male or female language, we have used the list of terms shown in Figure 10 based on communal versus agentic values (Eagly, 1987; Brownlow, 2003; Rudman & Phelan, 2008; Gaucher et al., 2011; Gupta et al., 2018 [31, 20, 36, 37,39])
Figure 10. Division of roles by gender
	MALE ROLE
	FEMALE ROLE

	Performance
	Collaborative

	Problem
	Responsibility

	Strategy
	Equality

	Decision
	Reputation

	Team
	Transparency

	Market
	Security

	Consumer/client
	Ethics

	Growth
	Disclosure

	Pressure
	Empowerment

	Power
	Sponsorship

	Outcome
	Social

	Result
	Justice

	Financial
	Sensitivity


In this way, we have measured the semantic distance of the most relevant words in each cluster, labelling each word as masculine or feminine according to the more significant semantic similarity with one of the words in the table. For the calculation, only the maximum has been used, i.e., if a word has a similarity of 0.70 with a word from the masculine group and the same word has a similarity of 0.2 with a word from the feminine group, only the one with the highest value has been taken into account.
In this case, the distribution of the clusters would be as follows, with a strong co-occurrence of terms associated with male roles.
Figure 11 shows the roles in each cluster. The findings evidence that there is, in both clusters, a strong co-occurrence of terms associated with agentic values. In the case of cluster 1, the co-occurrence reaches 80%, whereas in cluster 0, the co-occurrence is 60%.
Figure 11. Clusters of terms co-occurrence with terms associated with communal (feminine) or agentic (masculine) values.
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Findings show thus that hypothesis 1 is supported. NLP techniques have been helpful in analysing many documents, and identifying the gendered language used in job postings. NLP techniques are, therefore, potentially useful for improving the talent pool of candidates.  
Hypothesis 2 is, to the contrary, not supported. Both clusters present a predominant use of agentic terms, although “others” and “transport”, are not specifically agentic. All sectors include gendered language when seeking candidates for high decision-making positions. Thus, the use of agentic terms, may not variate in different sectors. 
In addition to that, cluster 1 presents a co-occurrence of 80% of agentic terms, representing 345 documents, that include all 5 sectors of the study. In contrast, cluster 0, presents a co-occurrence of 60% of agentic terms of 1772 documents, which include all five sectors with more documents. Based on these results, it cannot be concluded that more communal sectors, may use a more communal language. 
4. Discussion
Can NLP techniques be used to identify gender biases from job postings and improve recruitment diversity for high decision-making positions? What do our findings mean in practice? Through this paper, I contribute to identifying gender biases in job postings, even when dealing with extra-large samples, validating NLP techniques. I have also revisited the use of communal and agentic concepts and values in today’s advertisements for high decision-making positions. 
The study has its strengths, but there are also some limitations. Limitations of this research relate to the geographical context. The vacancies analysed correspond only to the United Kingdom, as it should be kept in mind that vacancies for top decision-making positions are not normally published in other countries. This is a limitation and a finding that reflects the potential lack of objectivity in the selection of decision-making positions even today. The fact that many of the positions are not published implies a potential barrier for the least represented sex when accessing the decision-making positions under the light of the presented theories, as discussed further down. 
The research contributes, therefore, to unravel the impact of gender biases in job advertisements as a possible reason behind the underrepresentation of women in the corporate world.
In the first part, I present why gender biases remain a significant issue within the corporate world, particularly in recruitment. Multiple issues develop because of these biases, effectively harming both the businesses and the women that are applying to them. When women are denied, decision-making positions based on gender biases, companies engender a detrimental atmosphere where groupthink prevails over diversity and innovation (Ashnai et al., 2020 [52]). While creation and productivity are stifled internally, women experience the institutionalization of their supposed insufficiency. With these rejections, society continues to see women as incapable of holding certain job titles (Quintero, 2008 [53]). Therefore, the stereotype that women are inadequate is reproduced.
In addition to internal problems within a business, companies are beginning to experience higher social repercussions when issues like gender biases go unaddressed. Success is becoming more often awarded to organizations that participate in the acknowledgement of societal issues. In recent years, investors and customers have given more value to ethically responsible businesses. (Ashnai et al., 2020 [52]). 
For example, certain languages might imply a specific gender based on societal norms. Masculine-coded language is common in decision-making roles, such as with the words “dominant” and “assertive”. This identifies the role more with men than with women. In contrast, feminine-coded words, such as “nurturing” and “collaborative”, call more to women. However, in the case of the latter example, feminine-coded language is less common in decision-making job posts. These commonplace principles, while seeming benign, can be rooted in gender bias.
Findings reveal that words such as "pressure," "power," and "performance" are commonly used by today's corporations to describe managerial roles and that these words are more often associated with male candidates than female candidates. The strong co-occurrence of terms associated with male roles suggests that gender biases and stereotypes influence the recruitment process, potentially underrepresenting women in high decision-making positions (Haslam & Ellemers, 2011 [54]). Therefore, NLP techniques, being able to identify these words in many documents, are instrumental in addressing gendered language. Identifying this gendered language helps break the traditional perpetuation of gender inequality in the workforce. Moreover, it may change the discouragement of women from pursuing male-dominated roles and stop reinforcing the stereotype that these positions are better suited for men, explained by research (Gaucher et al., 2011 [37]).
Furthermore, research shows that challenges to stereotypes are necessary to advance gender equality across multiple cultures (Schein, 2001 [41]). After analysing the social connection between masculine traits and development in women´s careers, it was determined that high management positions are associated with masculine characteristics in multiple countries and cultures. Thus, women face more obstacles globally when attempting to reach these managerial jobs. In addition to this barrier in the physical world, women also confront the psychological repercussions of low female representation and association in leadership. NLP techniques offer a new challenge to these stereotypes.
The gendered biases identified by NLP techniques can help organizations to work further, creating more inclusive job postings by using gender-neutral language. Schein (2001)[41] similarly suggested the need for corporations to go through cultural changes, creating more inclusive workplaces.
Similarly, Homosocial theory explains how women are kept away from high decision-making positions, resulting in gender imbalances in leadership roles, (Holgersson, 2013 [43]). The gender-exclusive language can convey to women that they are not the target of these positions, leading to their underrepresentation in decision-making positions. (Stout & Dasgupta, 2011 [28])
If an organization's leadership is primarily male, they may be more likely to rely on their networks to fill job openings. This can lead to replicating existing gender biases (McDonald, 2011 [55]). Additionally, hiring managers may unconsciously favour candidates who are similar to themselves or whom they perceive as fitting in with the existing organizational culture, which can further contribute to gender biases in job postings and hiring processes. Education of hiring managers is needed to be sensitive to the need to identify gendered language. 
Social role theory encompasses a large variety of viewpoints attempting to realize human behaviour through social processes and organizations, highlighting the need to go over cultural changes able to create more diverse working environments. Following implications for organizations of job gender biases in postings, these may also require conditions that disproportionately affect one gender, such as long hours, that most impact women due to traditional caregiving roles (Gaucher et al., 2011 [37]). Motherhood can lead to biased assessments of job applicants. Organizations need to recognize these biases and develop policies supporting working parents to create a diverse and inclusive work environment (Correll et al., 2007 [56]).
The role of cultural matching in hiring decisions is crucial to avoid gender biases and overcome limitations to diversity. By fostering a culture of inclusion and reducing the emphasis on cultural fit, organizations can promote diversity and ensure fairer hiring processes (Rivera, 2012 [57]). Exploring how gender stereotypes influence the hiring process in law firms, Gorman highlights the importance of organizational culture in overcoming gender biases and promoting diversity, counteract stereotypes, and creating an inclusive environment for all employees (Gorman, 2005 [58]). Kalev analyses the effectiveness of corporate affirmative action and diversity policies in promoting gender and racial diversity (Kalev et al., 2006 [59]). They suggest that organizations focus on structural changes, such as revising job postings and implementing diversity training, to create a more inclusive workplace culture.
The first hypothesis that using NLP techniques to identify and remove gendered language from job postings could result in a more diverse pool of candidates and ultimately lead to more women being hired for high decision-making positions, is, therefore, positive.
[bookmark: _Hlk160645809][bookmark: _Hlk160645820]Though research manifests the need to continue overseeing potential gender biases in algorithms and NLP models, NLP techniques have been proven to recognize human biases in data (Raghavan et al., 2020; Barocas & Selbst, 2016 [8]). Bohnet studied, for example, how behavioural design could be used to reduce gender biases in job postings (Bohnet, 2016 [12]). She suggested that AI and NLP could replace gendered wording, improving more neutral job posting advertisements. Several authors believe that discussions between computer scientists, sociologists, and researchers in related fields may be the solution for improving latent gender bias found in machine learning data sets and model predictions. Multiple studies highlight the importance of interdisciplinary collaboration to develop methods to avoid biases in machine learning systems (Caliskan, et al., 2017; West et al., 2019, [59,60,] ).
AI and NLP techniques offer significant potential to improve recruitment methods and reduce gender biases in high decision-making positions. By leveraging these techniques, recruiters can ensure that the best candidates, regardless of gender, are selected for senior positions, leading to more diverse and inclusive workplaces.
Our research has showcased the potential of AI solutions to reduce discrimination within the selection process, regarding job postings. Research shows that “women are less likely than men to pass the initial screening phase” and that the management team, consciously or not, uses gender stereotypes when making recruitment decisions. Therefore, NLP techniques may be used, with the caution of a good definition of algorithms and the appropriate technique, to identify gender biases in big sets of information. They may also be used in past procedures to identify patterns, replying to the research question about the effectiveness of using NLP techniques to identify gender biases from job postings. It is, therefore, also useful to improve diversity in recruitment for high decision-making positions.
Since the distribution of both clusters shows a strong co-occurrence of terms associated with male roles, (agentic terms), another key finding of the research, is that the eventual heavier use of agentic terms or values is not valid to conclude that companies in more agentic sectors show a heavier use of agentic terms. The research has shown that when dealing with high decision-making positions, all sectors present a strong use of agentic terms, thus gendered language. The second hypothesis is, therefore, negative. 
A robustness check in 100 FTSE companies can be done to test further hypothesis 2. Figure 12 shows percentages of female presence on boards of the top 100 FTSE companies in 2022. We have sorted the results of the presence of women in high decision-making positions into the five sectors relevant to this study: IT/Tech, Transport, Financial, Banking, and Others. 27% of the top 100 companies of FTSE belong to these sectors.
The findings show that the most agentic sectors, “Banking”, “Finance”, and even “IT”, have more presence of women on boards and more women CEOs as the “Others sector”, and the 
“Transport” one, as regards women CEOs. 
The better results, in terms of gender diversity in high decision-making positions of the traditional agentic sectors in the FTSE 100 companies of the UK, suggest that positive results of women's presence in high decision-making positions are linked to the culture in the corporations, as explained here above and other research, developing the used theories, has also evidenced.
Another limitation of the research may be the reduced number of sectors being considered. We have considered many documents, 2.198 grouped in just 5 sectors (IT/Tech; Transport; Financial S.; Banking; Others). New ways for future research could consider amplifying the number of sectors to validate the hypothesis.
Figure 12. Results of feminization percentage of high decision-making positions by sectors in FTSE 100 companies
	Sector
	Number of Companies
	Percentage of Companies
	Average Percentage of Female Board Members
	Average Percentage of Female CEOs

	IT/Tech
	3
	~ 3%
	41%
	3.4%

	Transport
	5
	~ 5%
	41.6%
	3.25%

	Financial
	13
	~ 14%
	44.8%
	6.1%

	Banking
	5
	~ 5%
	41.9%
	4.9%

	Others
	71
	~ 73%
	40.7%
	3.6%



Results suggest that real differences in gender equality in high decision-making positions lay in organizations that have undergone cultural transformations, not so much in the nature of the traditional agentic values of a sector. Bohnet emphasizes the importance of debiasing systems rather than individuals, which includes analysing job postings for gendered language, but also making necessary changes to create more inclusive and diverse workplaces (Bohnet, 2016 [12]).
By understanding and addressing the relationship between gender biases in job postings and the need for cultural transformations, organizations can create diverse and inclusive environments that benefit all employees and contribute to overall success. 
[bookmark: _Hlk160645847]On the other hand, non-binary genders (Richards et al., 2016 [62]) and other racial biases have scarcely been considered by NLP techniques applied to recruitment and should be considered in future work (Tang et al., 2019 [63]). 
5. Conclusions
Is gendered language in job postings being used today? How may this gendered language prevent an equal representation of men and women in high decision-making positions? How are communal and agentic concepts and values present in job postings today? Our objective was to explore whether NLP techniques could be used to discover gender bias in job postings to explain possible reasons behind the underrepresentation of women in the corporate world.
Using an innovative experiment that extracts and analyses many job offers, our research has identified the most frequent terms and their rate of appearance in the advertisements, showing the gender bias they generated. The results show a strong co-occurrence of terms associated with male roles and the use of agentic-communal role differentiation. By acknowledging these roles and their influence on our perceptions, work can be done towards reducing gender biases. 
With the contributions of different authors to the research of Social Theory, Think-Male-Think-Manager Theory, and Homosocial Theory, I have identified a table of terms used today relevant to analyse gender bias in job recruitment. These theories have been used to create a table for communal versus agentic language used in job postings for high decision-making positions today in the UK. Results showed that the use of NLP has been then helpful in identifying the selected terms in many jobs offers for discovering gender biases in recruitment for high decision-making positions. 
Results have also shown that the most agentic sectors may not eventually present the strongest co-occurrence of agentic terms. They are certainly not showing the slowest percentage of gender diversity in decision-making positions.
Using gender neutral language in job postings emphasizes the diverse skills and qualities needed for the role, including those traditionally associated with women. Nevertheless, to change the underrepresentation of women in high decision-making positions, it is necessary to raise awareness of the critical importance of gender equality among the persons responsible for the selection processes. Moreover, developing policies that create a diverse and inclusive work environment is crucial. Improving recruitment methods is, therefore, a key strategy, which demands addressing cultural transformation in the organization in a transversal way, involving training, restructuration, changing cultural attitudes, creating diverse and inclusive environments that contribute to the overall success of the company, and the ability to attract female talent for high decision-making positions. 
Ensuring fair hiring processes requires improving the culture of diversity and inclusion across the organization horizontally. This is a question of social welfare and a strategic and quality factor for corporations to create inner value.
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