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Gender disparity persists in most STEM fields, where men vastly outnumber women. Recent research shows that gendered
wording in advertisements for STEM jobs may have a significant influence on the appeal of a job to potential female applicants.
To increase awareness and potentially address such gender bias in STEM job ads, it is important to identify the bias as clearly and
accurately as possible. Research by Gaucher et al. (2011) has attempted to predict gender bias in STEM job ads by using a simple
word-counting and summation approach. This paper fine-tunes a deep learning language model, Google’s Bidirectional Encoder
Representations from Transformers, for the specific task of recognizing biased language in STEM job ads by training the altered
model on a large dataset of STEM job advertisements. This machine learning model has the advantage of a more holistic semantic
understanding of the language in these ads due to its use of transformer neural networks. The analysis yields two main results.
First, the ads are biased toward masculine language, in line with the findings of previous research. Second, the machine learning
approach predicts gender bias in STEM job ads with high accuracy, compared to a benchmark of random prediction, and is able to
outperform the word-counting and summation approach.

Introduction

Women are consistently underrepresented in STEM fields, par-
ticularly in engineering and computer science. This underrep-
resentation has been attributed to a variety of causes that focus
primarily on the psychological and social aspects of the problem:
differences in confidence level, prevailing societal stereotypes,
or the lack of role models in these occupations1. However, re-
cent research suggests that gendered wording in job recruitment
materials has a notable influence on the appeal of a job to poten-
tial female applicants, thereby ultimately influencing the number
of women in the STEM workforce2. Gendered wording refers
to subtle and often unconscious differences in word choice that
may appeal to certain job candidates.

A groundbreaking paper by Gaucher et al. (2011) provides
evidence that gendered wording in job ads may influence po-
tential candidates’ perception of a job’s inclusiveness, sense
of belonging, and overall job appeal3. To measure gendered
wording, the paper introduces a statistical vocabulary method
in which the number of masculine-coded and feminine-coded
words are summed for each advertisement in a variety of fields.
Through this word-matching and summation method, advertise-
ments with a majority of masculine-coded words were said to
be biased towards male candidates while advertisements with
a majority of feminine-coded words were said to be biased to-
wards female candidates. The predetermined list of coded words
is based on and consistent with prior research studying gender
coded words in the English language4. Inevitably, this relatively

simplistic approach of relying on a statistical count of a set list of
coded vocabulary is prone to missing some detection of gender
bias since this list of words is likely incomplete.

Aside from this current word-matching solution, paid solu-
tions exist as well, but are often closed source and prohibitively
expensive5. One such company is Textio, a platform whose AI
tools give users the ability to incorporate inclusive language into
their company’s written content.

To raise awareness and potentially address gender bias in
STEM job ads, it is important to recognize the bias in such ads
as clearly and accurately as possible. In this paper, I revisit
the issue of detecting gender-bias in STEM job ads by using
Google’s Bidirectional Encoder Representations from Trans-
formers (BERT), a novel machine learning tool that utilizes
transformer neural networks to gain a deeper semantic under-
standing of a given job advertisement’s language. Transformer
models are faster at processing text than many traditional models,
such as recurrent neural networks (RNNs) and long-short-term
memory models (LSTMs), and can effectively capture long-term
dependencies. Bidirectional transformers, unlike unidirectional
transformers, can gather information from both preceding and
following words at the same time. BERT is currently the in-
dustry standard for Natural Language Processing (NLP) and,
through semantic analysis, allows for a more holistic understand-
ing of a sentence’s meaning. A more complex understanding
of sentence structure and word relations can improve the de-
tection of gender bias within STEM job recruitment materials
compared to prior word-matching methods. Ji (undated)6 trains
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BERT on data analyst job advertisements to extend the list of
gender-coded words of Gaucher et al. (2011)3 and finds that
the gender-coding of some words can depend on their context
within a sentence.

This paper fine-tunes BERT and trains the model on a scraped
dataset of STEM job advertisements with the ultimate goal
of creating a model that can correctly predict if a given ad is
masculine-coded, feminine-coded, or neutral.

The results are twofold. First, using the list of gender-coded
words from Gaucher et al. (2011)3 to classify the STEM job ads
in my dataset as “masculine-coded,” “feminine-coded,” or “neu-
tral,” I find that the ads are biased toward masculine language,
in line with the findings of the previous research. This finding
highlights the importance of studying gender bias in such job
ads. Second, my main contribution is demonstrating that the
use of BERT allows the prediction of gender bias in STEM
job ads with high accuracy. Using BERT improves upon the
current word-matching and summation method by predicting
more accurately whether a STEM job ad is masculine-coded,
feminine-coded, or neutral.

The paper proceeds as follows. Section 2 describes the STEM
job ad data and provides details of the machine learning method-
ology. Section 3 presents the results. Section 4 concludes by
summarizing the performance and implications of the BERT
model.

Material and Methods

A BERT model was selected because it had the opportunity to
offer greater semantic understanding than a strictly statistical
model. BERT, short for Bidirectional coder Representation from
Transformers, is a revolutionary natural language processing
model developed by Google in 20187. This model relies on
transformers, another groundbreaking innovation released by
Google in 20178.

Neural Networks

A neural network [Figure 1] consists of a series of layers where
each layer is composed of multiple nodes. These nodes are
connected to the nodes of the next layer by a network of weights
and biases.

The data is first forward-propagated through the input layer
and hidden layers, then, in the output layer, the neural network
produces a value based on the probability of each possible out-
put. For example, in the experiments performed in this paper,
the classification labels feminine-coded, masculine-coded, and
neutral were assigned to the output layer. The node with the
highest output value, and its corresponding label, would be the
model’s final prediction for a given job advertisement.

The network’s output, ypred , is compared to the actual out-
put, yi, through a loss or cost function, J(x), that calculates the

model’s prediction error. The loss function is then minimized
using stochastic gradient descent so that, if an incorrect output
is predicted, the model backpropagates and adjusts the weights
and biases associated with the specific nodes that generated the
output, giving a higher importance to the nodes contributing to
the correct output and a lower importance to the nodes contribut-
ing to the incorrect output. The equation for loss minimization
is as follows:

minJ(x) =
1
m

m

∑
n=1

(yi −w0 −w1x1 −w2x2 −·· ·−wnxn)
2 (1)

This process of feedforward propagation and backpropagation
continuously repeats until the model achieves the correct weights
and thus is able to consistently predict a correct output.

Transformers

Certain neural networks, such as RNNs or LSTMs, were devel-
oped to handle sequential data. However, due to their sequential
processing nature, RRNs and LSTMs can be prohibitively slow
and struggle to capture long term dependencies. In 2017, Google
developed a novel neural network architecture called a Trans-
former, which addressed many of the gaps inherent in previous
natural language processing models.

Transformers utilize a mechanism called attention, which al-
lows them to process multiple sequences of data in parallel. This
not only enables much faster processing, but also allows them to
efficiently handle long range dependencies in text. Particularly,
the self-attention mechanism allows a transformer neural net-
work to understand what a particular word refers to in context
of the words around it. For example, in [Figure 2, panel A], the
model is able to understand that the word “it” corresponds to
“The animal.” Referred to as multi-headed attention, each of the
attention “heads” relies on self-attention to capture differing re-
lationships between a word and the other words in the sentence
and process these various relationships and dependencies simul-
taneously. In [Figure 2, panel B], one attention head puts greater
emphasis on the relationship between “it” and “The animal,”
while a separate attention head focuses on the relationship be-
tween “it” and “tired.” These components of attention are vital as
they allow the model to build an understanding of relationships
between words, ultimately contributing to its understanding of a
sentence’s actual content.

Transformers also utilize word embeddings, which are vec-
tor representations of words. These embeddings capture the
n-dimensional relationship between words by putting related
words in proximity to each other [Figure 3]. Understanding
these complex relationships also contributes to the model’s com-
prehensive understanding of natural language.

Transformers have now become a standard for handling natu-
ral language processing tasks like text generation, translation,
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Fig. 1 Neural network Source: Reyneke, J. A. (2023)9.

and classification. Features such as attention and word em-
beddings are what allow transformer neural networks, such
as BERT-a bidirectional transformer neural network–to gain
a comprehensive understanding of a sentence’s meaning and
effectively perform semantic analysis.

BERT

Figure 4 depicts BERT’s architecture with an encoder on the left
and a decoder on the right, both featuring layers of multi-head
attention and position-wise feed-forward networks, integrated
with residual connections and layer normalization. Positional
encodings are added to input and output embeddings to maintain
sequence information, culminating in output probabilities after
passing through linear and SoftMax layers.

BERT’s bidirectional capabilities are a defining feature to
distinguish it among other transformers. As opposed to unidirec-
tional transformers which apply the self-attention mechanism
to only one token at a time, the bidirectional transformer has
the ability to gain information from tokens to both the left and
right of its position. Bidirectional transformers are therefore
better able to capture the nuanced relationships between words
in a text and again contribute to the model’s comprehensive

understanding of the meaning of a text.
BERT has been pre-trained by Google on massive unlabeled

text datasets, namely BooksCorpus and Wikipedia. This pre-
trained model can then be altered and fine-tuned for specific,
language-related tasks. Both BERT’s bidirectional attention
mechanism and pretraining background make it ideal to work
with for text classification tasks. Particularly, BERT’s more
thorough understanding of a sentence is an enormous asset in
the semantic analysis of text, putting it at the technological fore-
front for Natural Language Processing (NLP) and thereby also
making BERT an ideal model to work with for this research.
To conduct the research, I fine-tuned my model by adding addi-
tional layers to the base BERT model before training the model
again and refining it for the task of identifying gender-bias in
job advertisements.

Dataset

The dataset I used to train the model is a concatenation of four
datasets containing job advertisements scraped from Glassdoor
and LinkedIn for the selected STEM careers of data analysts,
data scientists, and data engineers. The data sets taken from Kag-
gle are Data Engineer Jobs, Data Scientist Jobs, Data Analyst
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Fig. 2 Attention mechanisms Source: Alammar, J. (2018)10.

Fig. 3 Word embeddings in a multi-dimensional space Source: Bujokas, E. (2020)11.

Jobs, and LinkedIn Data Analyst jobs listings. All job advertise-
ments consist exclusively of text in a paragraph form. Before
combining, I manually compared random samples from each of
the four datasets to ensure a similar overall structure between
the job advertisements, particularly in terms of their length. The
final combined dataset consisted of 11,535 job advertisements.

As seen in Figure 5, the number of masculine-coded,
feminine-coded, and neutral advertisements varied greatly. In
particular, there are more than twice as many masculine-coded

ads than feminine-coded ones. This finding confirms the gen-
der bias in STEM job ads, which is consistent with findings of
previous research2.

Data Preprocessing

The Pandas and Numpy libraries were utilized for reading and
preprocessing the dataset, including balancing data, modifying
label categories, and restructuring data columns. Any characters
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Fig. 4 BERT architecture. Source: Vaswani et al. (2017)8.

Fig. 5 Distribution of ads in the full dataset

within the text that are not part of the standard English alphabet
(for example, ‘n,’ ‘t,’ etc.) were also removed.

The Scikit-learn (sklearn) library was used to encode the cate-

gorical labels into numerical format as well as to split the dataset
into training, validation, and test sets12. To facilitate processing
through the neural network, each label was converted into a
corresponding numerical value: feminine-coded labels were as-
signed the value “0”, masculine-coded labels were assigned the
value “1”, and neutral labels were assigned the value “2”. The
advertisements in the newly labeled dataset were then randomly
shuffled and split into three categories, allocating 70% of the
advertisements for train, 15% for test, and 15% for validation.
Each of these subsets provides a distinct purpose in the training
and evaluation of the model.

The train dataset consists of the advertisements that the model
uses to learn the patterns and correlations between adverts and
their respective labels. The validation dataset is employed to
fine-tune and evaluate the model during training. The test dataset
consists of job advertisements kept separate from the training
process so that the model encounters them for the first time
during testing. Using its knowledge of the data’s relationships
acquired from the training and fine-tuning of hyperparameters,
the fully trained model is then evaluated on the test subset. The
variables of interest given by the results of evaluating on the test
dataset include precision, recall, and the F1 score (a weighted
measure of the model’s accuracy).

Model Training and Refinement

HuggingFace’s transformer libraries were used to tokenize the
datasets and prepare them for training. The optimal combina-
tion of parameters was found after experimenting with both the
model parameters and the actual dataset.

In terms of the model, I chose the specific values of the
hyperparameters learning rate, batch size, and number of epochs
because these values minimized the validation loss function. In
other words, these specific values allowed my model to converge
at the saddle point for the validation loss.

I fine-tuned the hyperparameters by adjusting them in small
increments and observing the effects on the validation loss and
accuracy. Epochs refer to the number of times the model pro-
cesses the entire dataset during training. I tested the model with
various epoch counts, ranging from 1 to 10. The learning rate
determines the size of the updates to the model’s weights and in-
fluences the rate at which the model reaches the minimum of the
loss function. I adjusted the learning rate incrementally (0.0001,
0.0002, etc.) and monitored its impact on the validation loss,
ultimately identifying the optimal rate through experimentation.
Similarly, batch size—the number of advertisement samples
used in a single training iteration—was fine-tuned. After test-
ing different batch sizes, I found that the standard default value
worked best. The development environment used in this research
was Pytorch.

The learning rate of the model was 2e-5 and the batch size
for both training and evaluation was 16. Ten epochs with no
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early stopping was chosen because, in table 4, the accuracy does
not significantly improve after seven epochs with an accuracy
of 0.863 and peaking at nine epochs at 0.8647. The accuracy
even decreases with the 10th epoch from 0.8647 to 0.8642,
strongly suggesting that increasing the number of epochs to 15
or 20 would not change the accuracy by much. Secondly, the
validation loss function should decrease and reach a minimum.
In table 4, the validation loss reached a minimum at three epochs
with a validation loss of 0.4674, furthering the conclusion that
increasing the number of epochs from 10 would not significantly
increase the performance of the model. Although the minimum
validation loss was reached after three epochs, I extended the
training to 10 epochs due to the trade-off between accuracy and
slight overfitting. The model’s accuracy continued to improve
even after the validation loss hit its minimum, justifying the
decision to train for 10 epochs. Additionally, training for only
three epochs would have been insufficient, as the model would
not have been adequately exposed to the dataset.

DistilBERT, a smaller version of the original BERT model,
was selected for its more compact and efficient computation
abilities, similar to how BERT base was selected over BERT
large for requiring less computational power, and the uncased
version was used because the ad processing does not rely on
uppercase or lowercase letters13. Additionally, the optimizer
used was the Adam Optimizer. The best-performing model was
selected in terms of overall greatest accuracy, precision, recall,
and F1 score.

Different datasets were concatenated and tested in a variety
of combinations, varying the number of advertisements that
the model was trained on. The results were generally more
favorable when the model was trained on a greater amount of
data. However, if the advertisements in one dataset were not of
a similar length or structure to those in other datasets, then the
overall accuracy of the model was negatively affected.

Another significant source of experimentation was the ques-
tion of whether a balanced or unbalanced train dataset would
yield higher accuracy. The following combinations were tested:
balanced with respect to all categories through the duplication
of feminine-coded and neutral advertisements; balanced dataset
only with respect to feminine- and masculine- coded ads through
the duplication of feminine-coded ads; balanced with respect to
feminine- and masculine-coded ads by cutting the number of
masculine ads; and an unbalanced dataset. The results of the
first three tests are shown in tables 1–3.

While the accuracies in tables 1-3 are acceptable, ultimately,
the unbalanced dataset [Figure 6] had the most favorable results
across all measures.

Results

In the training process, the model consistently increased its
accuracy with each epoch, as seen in Table 4. The accuracy

ultimately increased to around 86%, signaling that the majority
of advertisement labels were being correctly predicted within
the train dataset.

In regards to the test dataset, the effectiveness of my BERT-
based model was individually measured for feminine-coded
(0), masculine-coded (1), and neutral (2) ads in terms of their
respective precision, recall, and F1 score in each category. Table
5 presents measures of the model’s performance on the test
dataset.

Overall, the model identifies masculine-coded and feminine-
coded job ads with high accuracy, meaning 87% of all predic-
tions are correct. As a benchmark for comparison, randomly
predicting that an ad is masculine-biased, feminine-biased, or
neutral would be correct 62.8% (1088/1731), 25.1% (435/1731),
or 12.0% (208/1731) of the time, respectively. Even the best
of these random predictions is well below the model’s overall
accuracy that takes into account scores for all three labels.

For feminine-coded ads, the model achieved precision, recall,
and F1 scores all equal to or greater than 80%. For masculine-
coded ads, the model achieved over 90% in all measures of
success. The overall accuracy and weighted averages were
consistent at 87%. The macro average, which is the arithmetic
average across the three types of ads, for all measures was
around 81%. The macro average is representative of the test
dataset. Though the BERT-based model’s scores for neutral
advertisements were lower, this result does not have a significant
impact, as the identification of neutral job advertisements is not
integral to the primary objective of this paper: identifying gender
bias.

The unbalanced training dataset provides the model with
many more masculine-biased than feminine-biased or neutral
advertisements to learn from. This imbalance may drive the rel-
atively high precision, recall and F1 score values for masculine-
biased ads. Using this logic, it follows that since the number of
feminine-biased ads greatly exceeds that of neutral ads in the
training dataset, the precision, recall, and F1 score values were
higher for feminine-biased ads as well.

Figure 7 displays a confusion matrix of the test dataset’s per-
formance results. Of the 1,731 job advertisements, 1,511 were
correctly predicted by the model. Figure 7 proves that the model
did not simply predict all advertisements to be masculine coded–
an inherent risk due to the skew in the number of masculine- vs.
feminine- and neutral-coded advertisements in the unbalanced
test dataset.

Comparison with Word-Matching Method

To further verify the accuracy of the BERT-based model, I com-
pare its results with those of Gender Decoder, a tool that im-
plements the current word-matching and summation technique
used to detect gender bias in job advertisements14. The Gender
Decoder tool is inspired by the research of Gaucher et al (2011)
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Table 1: Balanced dataset with respect to all categories, through the duplication of feminine-coded and neutral advertisements

Table 2: Balanced dataset with respect to feminine and masculine coded ads, through the duplication of feminine-coded
advertisements

and its list of masculine-coded and feminine-coded words has
been compiled based on their research3.

Table 6 presents two examples of crafted job advertisements
that were given to both the BERT-based model and Gender
Decoder. In these examples, multiple sentences of neutral job
advertisement text were added onto the end to increase the length
of the advertisement to a length similar to the advertisements
the BERT-based model was trained on. Both example ads are
clearly masculine-biased and are identified as such by the BERT
model. However, Gender Decoder misclassified both ads as
feminine-biased, either due to the presence of feminine-coded

words (example 1) or because of the presence of uncoded syn-
onyms of masculine-coded words in the ad (example 2). These
examples expose the limitations of relying on a model with a
pre-specified list of gender-coded words and demonstrates the
capability of the BERT machine learning algorithm to overcome
these limitations.

Discussion and Conclusions

The objective of this paper was to determine the efficacy of a
BERT based model fine-tuned to detect gender bias in STEM
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Table 3: Balanced dataset with respect feminine and masculine coded ads, through cutting the number of masculine ads

Fig. 6 Distribution of ads in the final training dataset

job advertisements, relative to that of the word-matching and
summation technique used in previous research. I used Google’s
BERT model as a baseline and then fine-tuned it for the detection
of gender bias in STEM job advertisements by training the
model on a large dataset of job ads.

My BERT-based model achieved a high overall accuracy of
87% . The macro average is consistent across all measures at
around 81%. Moreover, the model correctly predicts feminine,
masculine, and neutral gender bias in the majority of advertise-
ments. Most notably, detection of masculine-coded language
bias in advertisements is predicted with over 90% confidence
across all measures (precision, recall, f1 score). These results
indicate that transformer neural networks show promise for the

identification of gender biased ads.

I also measured the success of the BERT-based model in
terms of its performance against the Gender Decoder tool for
implementing the word-matching and summation technique.
While the Gender Decoder tool incorrectly labeled ads with
clear masculine bias and could not recognize close synonyms
for biased words, the BERT-based model was able to leverage
its greater semantic understanding of language and correctly
identify gender bias in those same ads. These examples illus-
trate the capability of machine learning tools to overcome the
limitations of working with a prespecified list of gender-coded
words.

Future research opportunities in this field include exploring
larger datasets, improving data balancing techniques, investi-
gating alternative model types such as GPT, and addressing
alternate forms of bias, such as ethnic biases. This model could
also be applied to job advertisements from other fields to ex-
plore if significant gender-bias exists beyond STEM careers or
remains largely within the field.

With BERT’s holistic understanding of natural language and
its aptitude for semantic analysis, it is better able to pick up on
more subtle gender bias in job advertisements. More sophis-
ticated technology to detect gender bias in job advertisements
will ultimately contribute to a more diverse workforce, which is
especially significant for women pursuing STEM careers. This
research is also particularly relevant for recruiting companies
as it encourages awareness of the importance of language in
job ads while promoting the use of a more advanced machine
learning tool to check their written content.
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Table 4: Training progress by epoch (%)

Table 5: Results of test dataset
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