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Abstract 
Gender identification in text, especially in social media platforms, poses a significant challenge due to the 

informal, diverse, and often ambiguous nature of online communication. Traditional methods, such as lexicon-

based and machine learning approaches, struggle to accurately classify gender, particularly when handling 

sarcasm, humor, or non-binary gender identities. This paper proposes an advanced approach using transformer 

models, specifically BERT (Bidirectional Encoder Representations from Transformers), to improve gender 

classification accuracy in social media texts. 

Our study presents a comparative analysis of transformer-based models with traditional methods, 

demonstrating superior performance in gender classification tasks. By leveraging the contextual understanding 

of transformer models, we address the limitations of previous approaches, particularly in recognizing diverse 

gender identities and handling the intricacies of informal text. Our results show a significant improvement in 

precision, recall, and overall accuracy, along with a reduced bias in gender classification. Additionally, we 

propose novel strategies for mitigating model bias and ensuring fair representation of non-binary genders. 

This work contributes to the growing body of research in natural language processing (NLP) and gender studies 

by enhancing gender identification models that are both more accurate and inclusive of gender diversity in 

online communications. 

 

Keywords: Gender Identification, Transformer Models, BERT, RoBERTa, Social Media 

Text, Bias Mitigation 

Introduction 

Gender identification from text has become an essential task in Natural Language Processing 

(NLP), particularly due to its growing importance in applications like user profiling, content 

moderation, and targeted marketing. The ability to accurately predict gender based on written 

language holds considerable value in industries such as advertising, social media analytics, 

and political discourse. Traditional methods, including lexicon-based approaches and 

machine learning classifiers, have been employed to classify gender based on writing styles, 

word choice, and content analysis. However, these approaches often struggle with the 

informal, diverse, and dynamic nature of language found in social media platforms. These 

platforms are rich with slang, abbreviations, emojis, and non-standard grammar that make 

gender classification challenging (Zhang et al., 2024) [1]. 

Furthermore, traditional systems primarily focus on binary gender classification 

(male/female), which often overlooks non-binary and gender-diverse individuals. This 

limitation introduces bias, resulting in inaccurate gender identification models that do not 

fairly represent diverse identities. For example, ML models [2][3] trained on social media 

text may inadvertently amplify stereotypes or fail to recognize the nuances of gender 

expression in informal settings (Yousefian Jazi et al., 2024) [4]. To overcome these 

shortcomings, recent advancements have introduced transformer-based models [5] like BERT 

(Bidirectional Encoder Representations from Transformers), which capture contextual 

information more effectively than previous models. These models have shown promise in a 



 

AL-AASAR Journal 
Quarterly Research Journal 

www. al-aasar.com 

Vol. 2, No. 2 (2025) 
Online ISSN: 3006-693X 

Print ISSN: 3006-6921 

 

 

205 
 

variety of NLP tasks, including sentiment analysis and emotion detection, by understanding 

the underlying context and subtleties in language (Kalra & Zubiaga, 2021) [6]. 

The application of transformer models to gender identification [7] in social media text offers 

a significant improvement over traditional method[8][9]. BERT, in particular, is able to 

understand the relationships between words in a sentence, enabling it to better handle 

ambiguous, sarcastic, or context-dependent language commonly found in online 

communication. This capability allows the model to capture deeper linguistic features that are 

often overlooked by simpler machine learning models [10]. Despite these advances [11], 

there remains a need for more inclusive models that can identify non-binary genders and 

minimize bias in training datasets[12] [13]. Furthermore, many models still struggle with 

effectively processing informal and diverse language[14][15], leading to the necessity for 

more robust[16][17], fair, and accurate gender classification systems in NLP [18]. 

This paper seeks to explore the use of transformer models, specifically BERT, for improving 

gender identification accuracy in social media texts. The main objectives of this study are: (1) 

to assess the effectiveness of transformer models in classifying gender in social media texts, 

(2) to examine the impact of informal language and non-binary identities on classification 

accuracy, and (3) to propose methods for reducing bias and enhancing inclusivity in gender 

identification systems. By addressing these objectives, this research aims to make a 

significant contribution to the development of more inclusive, fair, and accurate gender 

classification models in NLP. 

 

Literature Review 

Gender identification from text has evolved significantly over the years, with early methods 

relying heavily on lexicon-based and rule-based systems. These methods analyzed written 

content using predefined dictionaries of gendered terms and syntactic rules to classify gender. 

However, these approaches struggled to deal with the complexities of informal language and 

dynamic writing styles, particularly in social media, which includes emojis, abbreviations, 

slang, and non-standard grammar. Early studies on gender detection focused primarily on 

binary gender categories (male/female), relying on feature-based methods like word 

frequency and part-of-speech tags (Argamon et al., 2009) [19]. While these methods 

performed reasonably well for structured text, their accuracy was significantly reduced when 

applied to the casual and varied language found in platforms like Twitter and Facebook. 

Machine learning models were then employed to overcome the limitations of rule-based 

systems[20], with approaches like Support Vector Machines (SVMs) and Naive Bayes 

gaining traction. These models, however, were still limited by the quality of their feature 

extraction and the inability to capture deeper contextual information, particularly in the noisy, 

informal text found on social media (Burghoorn et al., 2020) [21]. The introduction of deep 

learning techniques, specifically Recurrent Neural Networks (RNNs) and Long Short-Term 

Memory (LSTM) networks, allowed for a better understanding of the sequence and context of 

words, improving accuracy in tasks such as gender classification. Yet, despite these 

advancements, these models still struggled to perform well on short, ambiguous, or sarcastic 

social media posts, particularly those where gender expression is fluid or non-binary. 

The breakthrough came with the introduction of transformer-based models, most notably 

BERT (Bidirectional Encoder Representations from Transformers), which revolutionized 

NLP tasks by capturing contextual relationships between words within a sentence. 
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Transformer models, such as BERT, are particularly well-suited for gender identification 

from social media texts because they can consider the broader context of a sentence, 

overcoming the limitations of feature-based methods and RNNs. Recent studies, such as 

Zhang et al. (2024), demonstrated the superior performance of BERT in classifying gender in 

social media, outperforming traditional machine learning models by leveraging its 

bidirectional context (Zhang et al., 2024). Additionally, BERT’s ability to process large 

amounts of unstructured data allows it to handle the complexity and variety of language used 

across different social platforms. 

Furthermore, the application of transformer models has revealed important considerations 

regarding fairness and inclusivity. One of the major challenges that still exists in the field is 

the inherent bias present in the training datasets, which often leads to biased predictions, 

especially with gender non-conforming and non-binary individuals. These biases are 

perpetuated through the data used to train models, which is often imbalanced or lacks 

sufficient representation of diverse gender identities. To address this, recent work by 

Yousefian Jazi et al. (2024) focused on developing gender-aware embeddings that aim to 

reduce bias by considering a more diverse set of gender expressions (Yousefian Jazi et al., 

2024). Despite these improvements, more work is needed to build models that can effectively 

handle non-binary and gender-diverse identities while ensuring that these models are fair and 

unbiased. 

Additionally, research by Sun et al. (2023) highlighted the need for more robust models that 

can process informal language, slang, and emojis, which are commonly used on platforms 

like Twitter and Instagram. These informal elements often lead to misclassification in 

traditional models that are trained on formal language data. Sun et al. (2023) demonstrated 

how transformer models could be fine-tuned to better handle this informal text by 

incorporating contextual information and user behavior (Sun et al., 2023) [22]. 

Despite the progress in applying transformer models to gender identification, several research 

gaps remain. Notably, the current models still predominantly focus on binary gender 

classifications, overlooking non-binary and gender-diverse identities, which are increasingly 

recognized in societal discussions. Moreover, the complexity of informal social media 

language, combined with biases in training data, requires further investigation. Future 

research must aim to develop more inclusive models that can accurately identify and 

represent a broader range of gender identities and mitigate biases caused by unbalanced data. 

Gender identification from text is a significant research area in Natural Language Processing 

(NLP), with early approaches mainly focusing on rule-based systems, which relied heavily on 

predefined lexicons and syntactic rules. These systems attempted to classify gender based on 

specific words or linguistic patterns such as pronoun usage, but they often failed in the 

dynamic and informal contexts presented by social media. For example, Argamon et al. 

(2009) highlighted the effectiveness of using stylistic features, such as function word usage, 

to distinguish between male and female authors in formal texts. However, their approach 

struggled when applied to informal, varied language found on platforms like Twitter, where 

abbreviations, emojis, and non-standard grammar are common [23]. 

As social media gained popularity, machine learning techniques, particularly Support Vector 

Machines (SVMs) and Naive Bayes classifiers, were employed to classify gender based on 

statistical patterns derived from text. These models were trained on features like word 

frequencies and part-of-speech tags, allowing for more flexible gender classification 



 

AL-AASAR Journal 
Quarterly Research Journal 

www. al-aasar.com 

Vol. 2, No. 2 (2025) 
Online ISSN: 3006-693X 

Print ISSN: 3006-6921 

 

 

207 
 

compared to rule-based systems. Burghoorn et al. (2020) explored the application of these 

models for gender prediction using limited Twitter data, pointing out the challenges of 

training models on noisy, unstructured social media text and the need for more robust 

solutions in this area. While machine learning models demonstrated improvements over rule-

based systems, they still faced significant limitations when attempting to process informal 

language and capture the nuanced expression of gender across different platforms. 

The introduction of transformer models, such as BERT (Bidirectional Encoder 

Representations from Transformers), revolutionized NLP tasks, including gender 

identification. BERT and similar transformer architectures excel by capturing contextual 

relationships between words within a sentence, overcoming the limitations of previous 

machine learning models that only relied on local features. Zhang et al. (2024) demonstrated 

the use of BERT for multi-task learning to predict both age and gender in social media texts, 

achieving higher accuracy compared to traditional methods by leveraging the full contextual 

power of the model . This shift to transformer-based models has proven especially beneficial 

for handling the complexities of informal and context-dependent language commonly seen on 

social media. 

Despite the clear advantages of transformer models, challenges remain in accurately 

classifying gender, particularly in the presence of non-binary identities. Current models are 

predominantly designed for binary gender classification, neglecting non-binary and gender-

diverse identities, which leads to biased results. This gap is particularly concerning given the 

increasing recognition of gender diversity in society. Research by Yousefian Jazi et al. (2024) 

highlighted how the inclusion of gender-neutral and non-binary categories can improve 

classification systems, as well as address the ethical concerns of excluding non-binary 

genders in model predictions . Their work proposed embedding strategies to better represent 

diverse gender identities and reduce bias in gender classification tasks. 

Furthermore, issues of bias and fairness remain significant hurdles in gender identification 

systems. Sun et al. (2023) explored the challenges posed by biased datasets, which can lead to 

discriminatory outcomes when transformer models are trained on them. They suggested that 

addressing bias in NLP systems requires not only modifying training data but also improving 

model architectures and evaluation methods to ensure fairness . Vanmassenhove et al. (2021) 

added to this discussion by proposing gender-neutral rewriting techniques that can reduce 

bias by generating gender-neutral language during model training, thus promoting inclusivity 

and fairness in gender classification tasks [24]. 

Despite the promising results from transformer-based models, several research gaps remain. 

For instance, although these models perform well for binary gender classification, non-binary 

and gender-diverse identities are still underrepresented. Moreover, the informal nature of 

social media language, including slang, emojis, and abbreviations, presents a challenge for 

accurate gender classification. Future work needs to focus on enhancing the inclusivity of 

models, refining bias detection techniques, and improving the models' ability to process 

informal text and diverse linguistic forms across different languages and cultures. 

While BERT remains the dominant transformer model in NLP tasks, other variants like 

RoBERTa, GPT, and T5 have shown improvements in certain NLP applications, and they 

may offer additional avenues for gender identification tasks. RoBERTa, a robustly optimized 

version of BERT, outperforms BERT on several NLP benchmarks by using dynamic masking 

and larger mini-batches during training (Liu et al., 2019) [25]. This variant has shown 
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particular promise in tasks that require extensive contextual understanding and could improve 

gender classification in ambiguous social media posts. Similarly, the Generative Pretrained 

Transformer (GPT) model, introduced by Radford et al. (2018) [26], has excelled in text 

generation, but its bidirectional context capabilities make it a candidate for gender 

identification tasks, particularly in generating gender-specific language patterns. T5 (Text-to-

Text Transfer Transformer), proposed by Raffel et al. (2020) [27] , has also gained attention 

for its ability to perform multiple NLP tasks by treating all problems as a text-to-text 

conversion, which could offer flexibility in handling gender classification across different 

social media platforms. These variants could be used in future research to explore whether 

they improve the generalizability and fairness of gender identification models, especially in 

the diverse and informal language of social media. 

While transformer models have made significant strides in gender identification, concerns 

about fairness and bias remain prevalent. Many transformer models, including BERT, often 

inherit and amplify biases present in their training data, which can result in inaccurate or 

discriminatory outcomes. Recent studies have focused on addressing these biases through 

various mitigation strategies. For example, Elazar et al. (2021) [28] proposed the use of 

adversarial debiasing techniques, where an additional adversarial network is trained to 

distinguish gender-neutral representations in the embeddings, ensuring that the model does 

not learn biased associations during training. Furthermore, counterfactual fairness techniques 

have gained attention as a way to mitigate bias. These methods ensure that the model's 

predictions are not influenced by gendered attributes, thereby improving fairness by reducing 

the model’s dependence on potentially biased gender-related features (Madras et al., 2019) 

[29]. Such advances are essential for ensuring that gender identification models do not 

perpetuate harmful stereotypes or inaccuracies when applied to diverse user groups on social 

media. 

In the context of gender identification from social media text, the evaluation datasets play a 

crucial role in benchmarking model performance. Common datasets used for gender 

classification include the Gendered Ambiguous Pronoun Resolution (GAPR) corpus, which 

consists of sentences containing ambiguous gender pronouns and has been widely used to 

evaluate gender identification models (Tetreault et al., 2013) [30]. These datasets help assess 

how well models can handle ambiguity and non-binary representations, especially in cases 

where the gender identity of the speaker is not explicitly mentioned. Additionally, the 

Stanford Sentiment Treebank (Socher et al., 2013) [31] has been employed to evaluate the 

effectiveness of models in understanding sentiment and context, which are critical when 

gender classification is influenced by sarcasm or humor. The use of these datasets ensures 

that models are rigorously tested against various language structures and gender 

representations, providing valuable insights into their robustness and limitations. 

Despite the promising results of transformer models in gender identification, there remain 

several limitations and challenges. One of the key challenges is processing short-form, 

informal text commonly found on social media platforms, such as Twitter, where users 

frequently employ abbreviations, slang, and emojis. These linguistic features are difficult for 

traditional models to process effectively and often lead to inaccuracies in gender 

classification (Burghoorn et al., 2020) . Another significant challenge is the imbalanced 

representation of genders in training datasets, which can result in the underrepresentation of 

non-binary and gender-diverse individuals. This imbalance leads to biased predictions, as 
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models trained predominantly on binary gender categories often fail to recognize the 

spectrum of gender identities (Zhang et al., 2024) . Furthermore, while transformer models 

have achieved remarkable success in various NLP tasks, their performance still depends on 

the quality and diversity of the training data. Models trained on biased or limited datasets are 

prone to perpetuating those biases, which is a critical issue for gender identification 

applications that aim to be inclusive and accurate. 

Recent research has focused on overcoming the limitations of previous models by introducing 

novel techniques for handling informal text, improving dataset diversity, and mitigating 

biases. For example, recent work by Yousefian Jazi et al. (2024) explored the impact of 

emojis and emoticons on gender classification, suggesting that including these symbols in 

training data could improve model accuracy in recognizing gender in informal online 

communication. Moreover, efforts to create more inclusive datasets that better represent non-

binary and gender-diverse individuals are gaining traction, helping to reduce the inherent 

biases present in earlier gender identification models. 

 

Methodology 

This section outlines the approach used to achieve the research goals of gender identification 

in social media texts using transformer models. The methodology includes data collection, 

preprocessing, feature extraction, model design, training, and evaluation procedures. 

Data Collection 

The primary source of data for this research is social media text. Social media platforms like 

Twitter and Reddit were selected due to their diverse and dynamic language use, which is 

rich with informal expressions, slang, abbreviations, and emojis. The data was collected using 

web scraping techniques and publicly available APIs from these platforms. 

● Twitter API: The Twitter API was used to collect tweets containing specific gender-

related hashtags (e.g., #genderidentity, #feminism, #genderfluid) to ensure a broad 

representation of gender-related discussions. 

 

● Reddit API: Reddit posts from subreddits related to gender (e.g., r/genderfluid, 

r/LGBTQ+) were also gathered using Reddit's API. 

A total of 100,000 posts from these platforms were collected, spanning multiple years, 

to capture the diverse range of gender discussions and expressions present in online 

discourse. The data was then anonymized to preserve user privacy. 

Platfom Data Source Total Posts Gender Labels Time Period Purpose 

Twitter API 50,000 Binary 

(Male/Female), 

Non-binary 

2021-2023 Collect diverse 

gender-related 

conversations 

Reddit API 50,000 Binary 

(Male/Female), 

Non-binary 

2021-2023 Focus on 

LGBTQ+ and 

gender-diverse 

discussions 
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Table 1: Overview of Data Collected 

Data Preprocessing 

Data preprocessing is an essential step in preparing the data for model training. The following 

steps were performed to clean and prepare the data: 

1. Text Cleaning: 

 

○ Removing Punctuation: All punctuation marks were removed from the text 

to ensure that the model focuses on the words themselves. 

 

○ Lowercasing: All text was converted to lowercase to maintain consistency. 

 

○ Removing URLs, Mentions, and Hashtags: URLs, mentions (@username), 

and hashtags (#hashtag) were removed as they are not relevant for gender 

identification. 

 

2. Tokenization: 

 

○ The text data was tokenized into individual words using a tokenizer (e.g., 

WordPiece Tokenizer from HuggingFace). 

 

3. Stop-word Removal: 

 

○ Common stop-words (e.g., "the," "and," "is") were removed using a 

predefined stop-word list to reduce noise in the data. 

 

4. Handling Emojis and Slang: 

 

○ Emojis and slang were treated as separate tokens. For example, “�” was 

treated as a unique token, and "OMG" was kept intact to preserve informal 

expressions. 
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Figure 1: Preprocessing Pipeline Overview 

Feature Extraction 

For feature extraction, we employed word embeddings to represent the text data in a way that 

preserves semantic meaning. We used the following techniques: 

1. Word Embeddings: 

 

○ Pre-trained GloVe embeddings were used as initial embeddings for words in 

the dataset. These embeddings capture the semantic relationships between 

words, allowing the model to better understand context. 

 

○ BERT Embeddings: For transformer-based models, we used the embeddings 

generated by BERT to capture the contextual relationships between words, as 

BERT processes words bidirectionally and can account for word usage in 

different contexts. 

 

2. TF-IDF: 

 

○ To supplement the word embeddings, a TF-IDF (Term Frequency-Inverse 

Document Frequency) representation was used to capture important words in 

the text relative to the entire corpus, ensuring that unique and contextually 

significant words were given higher importance in classification. 

 

Technique Description Example 

GloVe Embeddings Pre-trained word embeddings that capture 

semantic relationships 

"gender" -> 0.2345, 

 "male" -> -0.2334 

BERT Embeddings Contextual word embeddings generated by 

BERT 

"he" -> [0.532, -0.244], 

"she" -> [0.672, 0.143] 
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TF-IDF Measures the importance of words in a 

document relative to the entire corpus 

"gender" -> 0.095,  

"fluid" -> 0.174 

Table 2: Feature Extraction Techniques  

Model Design 

The models selected for this task are Transformer-based architectures, specifically BERT, 

due to their superior performance in capturing contextual information from text. 

1. BERT (Bidirectional Encoder Representations from Transformers): 

 

○ BERT was chosen for its ability to understand the context from both directions 

of a sentence, making it ideal for capturing the nuances of gendered language. 

BERT's attention mechanism enables it to focus on important parts of the text 

for gender classification. 

 

2. Fine-Tuning BERT: 

 

○ We fine-tuned the pre-trained BERT model on our dataset using the 

HuggingFace Transformers library, allowing the model to adapt specifically to 

the task of gender identification. 

 

3. Comparison with RoBERTa: 

 

○ For comparative analysis, we also tested RoBERTa, a variant of BERT that is 

optimized by training with larger batches and without the Next Sentence 

Prediction (NSP) objective. RoBERTa has been shown to outperform BERT 

in several NLP tasks. 

Figure 2: Transformer Model Architecture (BERT) 

Training & Evaluation 

The dataset was split into training, validation, and test sets in an 80-10-10 ratio. The 

following steps outline the training and evaluation process: 
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1. Model Training: 

 

○ Batch Size: A batch size of 32 was used during training to ensure stability in the 

optimization process. 

 

○ Epochs: The model was trained for 5 epochs, with early stopping implemented to prevent 

overfitting. 

 

○ Learning Rate: A learning rate of 5e-5 was used for fine-tuning BERT, based on previous 

studies that suggested this as an optimal value. 

 

2. Evaluation Metrics: 

 

○ The following metrics were used to evaluate model performance: 

 

■ Accuracy: The proportion of correct predictions. 

 

■ Precision: The proportion of true positive predictions among all positive predictions. 

 

■ Recall: The proportion of true positive predictions among all actual positive cases. 

 

■ F1-Score: The harmonic mean of precision and recall, providing a balance between the 

two. 

 

Hyperparameter Value 

Batch Size 32 

Epochs 5 

Learning Rate 5e-5 

Optimizer Adam W 

Table 3: Training Hyperparameters 

 



 

AL-AASAR Journal 
Quarterly Research Journal 

www. al-aasar.com 

Vol. 2, No. 2 (2025) 
Online ISSN: 3006-693X 

Print ISSN: 3006-6921 

 

 

214 
 

 

Figure 3: Model Performance Evaluation (Accuracy, Precision, Recall, F1-Score) 

Model Accuracy Precision Recal F1-Scor 

BERT 92.3% 91.5% 93.0% 92.2% 

RoBERTa 93.1% 92.8% 93.5% 93.1% 

Table 4: Model Evaluation Metrics 

This methodology section outlines the steps taken to achieve accurate gender identification 

using transformer models. The process includes careful data collection from social media 

platforms, preprocessing to clean the data, extracting relevant features using word 

embeddings and TF-IDF, designing transformer models (BERT and RoBERTa), and 

evaluating performance using multiple metrics. The results of this methodology will provide 

insights into the effectiveness of transformer models for gender identification in the context 

of dynamic and informal social media text. 

Results and Analysis 

The primary objective of this study was to evaluate the performance of Transformer-based 

models, particularly BERT and RoBERTa, for gender identification tasks in social media 

text. To measure the effectiveness of these models, we compared their performance against 

traditional methods, including Logistic Regression and Support Vector Machines (SVM), 

which are simpler machine learning algorithms commonly used in text classification tasks. 

The evaluation metrics used to assess the models were accuracy, precision, recall, and F1-

score, as these are the most common metrics for classification tasks. BERT and RoBERTa 

significantly outperformed traditional models, achieving higher values across all metrics. As 

seen in Table 1, the accuracy of BERT was 92.3%, while RoBERTa achieved a slightly 

higher accuracy of 93.1%. In comparison, the Logistic Regression and SVM models had 

accuracy rates of 75.6% and 78.2%, respectively, indicating the superior performance of 

transformer models in handling the complexities of social media text. 
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Model Accuracy Precision Recal F1-Scor 

BERT 92.3% 91.5% 93.0% 92.2% 

RoBERTa 93.1% 92.8% 93.5% 93.1% 

Logistic 

Regression 

75.6% 72.1% 75.4% 73.7% 

SVM 78.2% 75.3% 78.0% 76.6% 

Table 5: Performance Comparison between Transformer Models and Traditional Methods 

The improvement in precision and recall for both BERT and RoBERTa suggests that these 

models are not only better at identifying correct gender labels but also more effective in 

minimizing false positives and false negatives. This is especially important for applications 

where accurate gender classification is essential, such as content moderation and targeted 

marketing. 

One of the significant challenges in gender identification from social media data is the 

diverse and informal nature of the text. Social media posts are often filled with slang, emojis, 

abbreviations, and non-standard grammar, which traditional machine learning models 

struggle to process effectively. However, transformer models like BERT and RoBERTa excel 

at handling this diversity due to their contextual embeddings, which capture the meaning of 

words based on their surrounding context. In our experiments, both BERT and RoBERTa 

handled these informal and unstructured text forms far better than SVM and Logistic 

Regression, as evidenced by the higher F1-scores. 

While transformer models demonstrated impressive performance, they still faced challenges 

related to bias in the data. Gender biases present in the training data can lead to skewed 

predictions, particularly for underrepresented genders such as non-binary or genderfluid 

individuals. To address this, we implemented adversarial debiasing techniques during 

training, as discussed in the literature review. These techniques reduced the model's reliance 

on gender-specific features, making the predictions more balanced and fair across different 

gender categories. However, despite these efforts, some biases remained, particularly in the 

classification of non-binary individuals, indicating that further improvements in model 

fairness are necessary. 

Another challenge encountered during this study was the imbalanced representation of gender 

categories in the dataset. While the binary gender labels (male/female) were well-represented, 

non-binary and gender-fluid categories were underrepresented, which can lead to poor 

performance on these categories. Despite these limitations, the transformer models performed 

better than traditional models, achieving higher recall rates for less-represented gender 

categories. However, there is still room for improvement in handling such imbalances, which 

could be addressed in future research by incorporating more diverse datasets or applying 

oversampling/undersampling techniques. 
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Figure 4: Gender Distribution in Dataset 

The figure above illustrates the gender distribution in the dataset, highlighting the challenges 

posed by the imbalance between binary and non-binary labels. 

 

Discussion 

The results of our study demonstrate the superiority of transformer models, particularly 

BERT and RoBERTa, in the task of gender identification from social media texts. Our 

models achieved significantly higher accuracy, precision, recall, and F1-score compared to 

traditional machine learning models, such as SVM and Logistic Regression. These findings 

align with previous research that has highlighted the ability of transformer models to capture 

complex linguistic patterns and contextual nuances that simpler models often miss. Unlike 

traditional methods, BERT and RoBERTa's bidirectional attention mechanism allows them to 

better understand the context of gendered language, which is particularly crucial in the 

informal and diverse nature of social media text. This makes transformer models particularly 

well-suited for tasks where the language is dynamic and highly variable, as seen in platforms 

like Twitter and Reddit. 

While previous studies have reported good results using transformer models for gender 

classification tasks, this research contributes by focusing specifically on the challenges of 

handling diverse, informal text from social media platforms. Our study also explores bias 

mitigation techniques, which distinguishes our approach from prior work that often overlooks 

issues related to fairness. 

A critical aspect of this research was addressing gender bias in the model's predictions. Even 

though transformer models are powerful, they are not immune to biases in the training data. 

We employed adversarial debiasing techniques during the training process to minimize 

gender bias, particularly for non-binary and underrepresented gender groups. However, the 

results revealed that while our models performed well for binary gender categories 

(male/female), they still exhibited challenges in accurately classifying non-binary and 

gender-fluid identities. This finding underscores the need for further refinement in both 
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model design and data diversity to ensure fairness. Despite these challenges, the use of 

transformer models for gender identification is a promising step towards more inclusive 

systems, especially when compared to traditional approaches that often fail to acknowledge 

non-binary gender categories. 

Despite the promising results, this study has several limitations. First, the dataset used for 

training the models was not fully balanced, with a significant skew towards binary gender 

labels (male/female), and non-binary and gender-fluid categories were underrepresented. This 

imbalance resulted in lower performance for the less-represented gender categories. 

Furthermore, the computational cost of fine-tuning transformer models like BERT and 

RoBERTa can be prohibitive, especially when training on large datasets. This requires access 

to high-performance hardware, which may not be accessible to all researchers. Additionally, 

while the models performed well on English-language datasets, their performance on 

multilingual or cross-lingual datasets could be further explored, as social media content is 

diverse and exists in many languages. 

The implications of this research extend to several practical applications, particularly in areas 

such as content moderation, personalized marketing, and user profiling. Gender identification 

models, like the ones developed in this study, can be deployed in content moderation systems 

to help identify and filter gender-based hate speech or harassment. Additionally, personalized 

marketing campaigns can leverage these models to deliver more tailored advertisements 

based on the user's gender identity, improving customer engagement and satisfaction. In 

social media platforms, these models can enhance user profiling, helping brands and 

organizations better understand the diversity of their audience and interact with them in a 

more inclusive manner. Furthermore, this research paves the way for more inclusive systems 

that can accurately classify gender beyond binary labels, which is crucial in promoting 

equality and representation in the digital space. 

Conclusion 

In conclusion, this study demonstrates the effectiveness of transformer models, particularly 

BERT and RoBERTa, for the task of gender identification from social media text. The 

models significantly outperformed traditional machine learning techniques, achieving higher 

accuracy and fairness, particularly in handling informal and diverse language. Our findings 

suggest that transformer models have a considerable advantage in identifying gender from the 

dynamic and noisy text present on social media platforms. 

This research contributes to the field by addressing important issues such as gender bias and 

fairness in gender classification systems, particularly for underrepresented and non-binary 

groups. Our study also highlights the importance of bias mitigation techniques, which can 

enhance the inclusivity of gender identification systems. However, challenges such as dataset 

imbalance and computational cost need to be addressed in future research. 

Looking ahead, future work should focus on expanding the dataset to include more diverse 

gender expressions, fine-tuning models on multilingual data, and exploring methods to 

mitigate bias more effectively. Additionally, experiments with larger datasets that better 

represent non-binary and gender-fluid identities could further enhance the accuracy and 

fairness of gender classification models. By overcoming these challenges, we can create more 

inclusive and equitable systems for gender identification, both in academic research and 

practical applications. 
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