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Gender bias is present in machine learning models used for tasks like sentiment analysis, hiring, and recommendations without
gender as an input. This study examines two areas: gender and sentiment relationships in pre-trained text embeddings and
how biased training data and classifier architectures can lead to unfair decisions. A cosine-similarity permutation test was
conducted on the OpenAI text-embedding-3-large model using a synthetic corpus of 932 sentences with equal gender and nearly
equal sentiment representation. A non-statistically significant (p = 0.459, 1,000 permutations), weak positive cosine similarity
(0.021) was observed. Additionally, two other tests were conducted that showed similar results- a counterfactual template
gender-swapping evaluation (p = 0.415) and a paraphrase robustness test (p = 0.402) which showed no statistically significant
evidence of a gender-sentiment association in the embeddings. Six families of classifiers were trained on the embeddings while
varying how frequently positive training examples were associated with male-coded language. Linear SVC exhibited minor bias
changes as the training data became increasingly imbalanced. However, higher-capacity models like MLPClassifier and Gradient
Boosting showed greater differences between demographic groups. Group-wise error analysis and threshold sensitivity testing
verified these trends. The Adult Income dataset demonstrated that high accuracy can hide fairness issues. Although gender was
not an input, gender-associated features conveyed gender-related information. Including race and gender increased disparity,
while using a representation free of gender bias decreased disparity without reducing overall accuracy. Overall, fairness depends
heavily on the training data, learned features, and classifier architecture, which can amplify or reduce gender-related disparities.
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Introduction

Text embeddings have been shown to represent patterns of
social stereotypes including gender-related patterns in occu-
pations1. Caliskan et al., using the Word Embedding As-
sociation Test (WEAT), demonstrated that word embeddings
trained on typical text corpora reproduce biases similar to hu-
mans2. Moreover, Garg et al. demonstrated how changes in
gender and ethnic stereotypes can be measured using embed-
dings trained on historical text collections3. It is clear that
even when sensitive characteristics (e.g. gender) are removed
from the input, machine learning systems may learn gender
information through features associated with gender. Specifi-
cally, sentiment systems have performed differently across de-
mographic groups4. Recent studies have demonstrated that
pre-trained AI language models have the ability to transfer
gender and other demographic biases into sentiment analysis
systems across multiple groups5. This raises concerns that
multiple subgroups will experience unfair treatment when AI
analyzes subjective language.

Due to bias in embeddings, there has been much research
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focused on creating methods for removing bias. Bolukbasi
recommended removing gender and sentiment associations
from word vectors1. However, Gonen and Goldberg indicated
that this method does not remove bias but hides it while re-
taining its underlying form6. Other attempts include coun-
terfactual data augmentation7, adversarial removal of pro-
tected attributes8, and re-weighting or constraint-based train-
ing9. Benchmarks such as WinoBias10 and StereoSet11 serve
as methods for measuring bias and evaluating model fair-
ness across multiple dimensions. On the classification front,
there are formal fairness criteria that ensure AI models do not
discriminate against specific groups of people12,13. Dressel
and Farid showed that racial bias exists in risk assessment
even with race removed14. Studies examining gender bias in
contextualized embeddings have also shown that models like
BERT and ELMo continue to exhibit stereotypical associa-
tions15,16. Blodgett et al. surveyed 146 studies about bias
in NLP and stated that much of this research did not have a
clear reason why the harm was caused17. Buolamwini and
Gebru pointed out intersectional accuracy disparities in com-
mercial systems18, and Mitchell et al. proposed model cards
as a way to increase transparency19. Research on bias am-
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plification has shown that models can amplify biases present
in their training data20, and audits of large language models
have consistently documented persistent occupational and be-
havioral gender stereotypes21.

If embeddings do align gender with sentiment, models
trained on them might inherit and amplify these associations.
This type of bias can go unnoticed with standard accuracy re-
porting. This study asks three questions: (1) Do pretrained
embeddings align gender and sentiment directions beyond
what would be expected by chance? (2) How does training-
data imbalance interact with these associations during model
learning? (3) Which model families, under the conditions
tested, are most resistant to distribution disproportionalities
affecting protected groups?

Answering these questions would examine how text repre-
sentations, training data, and model design interact, ultimately
helping fairness evaluations. In practice, models trained on
data containing gender-related patterns may result in more fa-
vorable outcomes for male-coded inputs and less favorable
outcomes for female-coded inputs, regardless of whether gen-
der is used as a feature. For simplicity of analysis in this study,
gender is treated as a binary category (male-coded vs. female-
coded). While this approach does not include non-binary, gen-
derqueer, or other gender identities, expanding fairness evalu-
ations beyond the gender binary is an important direction for
future research17.

This study combines a synthetic dataset composed of 932
sentences, cosine similarity permutation testing using the
OpenAI text-embedding-3-large model, six classifier families
trained on datasets with different amounts of data imbalance,
and a real world-case study to answer these questions. This
study was limited to English text, OpenAI embedding mod-
els, and binary gender categories.

Methods

The study used a controlled experimental design combining
synthetic corpus experiments, directional alignment analysis
of pre-trained embeddings, comparison of six classifiers un-
der varying sampling conditions, and a real-world case study
utilizing the Adult Income dataset. In the synthetic experi-
ments, the evaluation set was held constant and only the train-
ing composition was varied. This isolated the effect of sam-
pling imbalance. The Adult Income case study applied a sim-
ilar methodology to hours per week.

Dataset Construction

The dataset was created using 932 short and synthetic sen-
tences (572 for training and 360 for testing). The test set had
equal representation across four groups: female-coded posi-
tive, female-coded negative, male-coded positive, and male-

coded negative. Each sentence paired a gendered subject
(girls, boys, women, or men) with a short activity phrase (e.g.,
“girls write code” or “boys miss baskets”).

The vocabulary of the activity phrases was varied across
215 distinct phrases rather than using a single template. This
reduced the likelihood that models would learn and respond
to patterns rather than the underlying sentiment. The balanced
design, with equal group sizes, ruled out size as an explana-
tion. Sampling bias was only introduced during training to
create conditions where male-coded positive outcomes were
either over or under-represented while evaluation remained
consistent.

Three sets of analysis were used to rule out the notion that
the results were influenced by the sentence templates rather
than the embedding models themselves.

First, a counterfactual template-swapping evaluation was
conducted. For each sentence, an equivalent version with only
the gender swapped (girls to boys, women to men) while keep-
ing all other words the same was located in the corpus, result-
ing in 215 matched pairs. This allows for separation of the
effects of gender-related words from the sentiment expressed
by the sentences.

Second, a smaller sample of 30 sentences includ-
ing activity phrases (60 sentences across both genders)
was created. For them, two to three paraphrased ver-
sions were generated expressing the same sentiment us-
ing different vocabulary and sentence structures. Third,
30 gender-neutral sentences without gendered pronouns
or names (e.g., “The student completed the assignment
on time”) were added as controls. All data and code
are available at: [https://github.com/SaanikaGW/Embedding-
CosineSimilarity-Classifier-AdulData22

Embeddings

One pre-trained OpenAI text embedding model was used
to generate sentence embeddings: text-embedding-3-large
(3,072 dimensions)23,24. This model was used in embedding
alignment analysis and classifier experiments. The embedding
weights were held constant throughout all experiments; fine-
tuning was not done.

Classifiers

Six classifier families were evaluated to see how model archi-
tecture influenced bias. Logistic Regression creates a straight-
line decision boundary for classifying data and converts the
data into probability estimates for each class using the sigmoid
function (L2 regularization, C=1.0). Linear Regression esti-
mates a continuous value that was truncated at values of 0 and
1 to remove extreme outliers and then classified using a thresh-
old of 0.5. Unlike Logistic Regression, however, these values
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are not measured as probabilities. Support Vector Classifier
draws the widest possible straight line with a linear kernel to
separate two groups while allowing a few mistakes controlled
by a setting called C which equals 1.0. Random Forest makes
a final prediction by combining the guesses of one hundred
smaller decision trees trained on mixed information. Gradient
Boosting also uses 100 trees. However, each tree is built se-
quentially to correct errors made by previous trees (learning
rate=0.1, max depth=3). The MLPClassifier is a simple neural
network with one hidden layer containing 100 neurons, ReLU
activation, Adam optimizer, and a learning rate of 0.001, with
a maximum of 200 iterations. All other hyperparameters were
left at their default values from scikit-learn (version 1.3)25 so
that differences in performance would mainly be due to archi-
tectural distinctions among models rather than extensive tun-
ing. A fixed random seed of 42 was used throughout.

Table 1 Classifier families and training configurations. All models
were trained on identical pre-trained embeddings and evaluated on
the same balanced test set to identify distinctions in bias responses. In
addition, the higher-capacity models (i.e., Random Forest, Gradient
Boosting, and MLPClassifier) with more parameters can learn more
complex patterns, including spurious gender-sentiment associations.

Classifier Configuration

Logistic Regression Linear decision boundary, sigmoid output; C = 1.0, L2
penalty

Linear Regression Continuous prediction clipped to [0,1]; threshold 0.5 for
labels (not inherently calibrated)

Linear SVC Maximum-margin separating hyperplane, linear kernel;
C = 1.0

Random Forest Bagged ensemble of 100 decision trees on random fea-
ture/sample subsets (sklearn defaults)

Gradient Boosting Sequential ensemble of 100 trees correcting prior resid-
uals; learning rate = 0.1, max depth = 3

MLPClassifier Single hidden layer of 100 units, ReLU; Adam, learning
rate = 0.001, max 200 iterations

Directional Alignment Analysis

In order to assess whether there is a correlation between the
gender-sentiment relationships that are captured by embed-
dings, the mean embedding vectors of the positively labeled
sentences (µpos) and negatively labeled sentences (µneg) were
calculated, as well as those of the female-coded sentences (µ f )
and male-coded sentences (µm). Two directional vectors were
constructed from these means: vs = µpos − µneg and a gen-
der directional vector vg = µ f − µm. The cosine similarity
between these two vectors was then computed. A high co-
sine similarity indicated that the embedding space linked gen-
der with sentiment. Gender labels were randomly given 1,000
times to assess whether the result exceeded what would be ex-

pected by random chance. After each permutation the cosine
similarity was re-calculated which produced a null distribu-
tion. The p-value was calculated as the proportion of permuted
results that were equal to or exceeded the observed value.
This procedure was repeated for the counterfactual (template-
swapped) sentence set and the paraphrase sentence set.

Finally, a bootstrap stability analysis was conducted by re-
sampling 80% of sentences 500 times and conducting align-
ment for each resample. There are also other ways to test for
bias including WEAT2, WinoBias10 and StereoSet11.

Bias Metric and Controlled Sampling

Bias can be thought of as the average difference in predicted
scores (for male-associated sentences) from those (for female-
associated sentences) of the positive and negative test cases.
Parameter p specifies what percentage of the positive training
examples are given to the male-associated sentences. When
p = 0.5, positive examples are divided equally. At extreme
values (p = 0 or p = 1), all positive training examples be-
long solely to one of the gender categories. Since the test set
never changes, any change in bias comes from the training
mix. Each sampled training set contained 276 sentences, 138
per gender, while the 360-sentence test set stayed the same.

In addition to the mean prediction gap, group-wise ac-
curacy (male-coded positive, male-coded negative, female-
coded positive, female-coded negative) and group-wise error
rates are presented at key checkpoints (p= 0.0, 0.25, 0.5, 0.75,
1.0).

Real Data Validation

The UCI Adult Income dataset26, a well-known benchmark
in fairness research12,13, was used to assess whether a sim-
ilar pattern develops in real-world socioeconomic data. The
Logistic Regression models were trained using three sets of
features. Further, a debiased “hours-per-week” variable was
created (formula: debiased hoursi=hoursi+(mean hoursmale-
mean hours f emale)×1(femalei) ) Men in the dataset work an
average of 42.4 hours per week, women 36.4. This added
six hours to each female record. This method ensures that
all groups have the same means but the variances within the
group remain intact.

While there exist more advanced methods such as regress-
ing out hours with respect to gender or adversarial debiasing8,
results are reported as mean bias along with standard devia-
tions across ten random 80/20 train-test splits. To aid in eval-
uating model accuracy, a majority-class baseline (predicting
≤ 50K for all individuals), achieving approximately 75.9% ac-
curacy was conducted.

Lastly group-wise classification and error rates along with
mean prediction gaps were reported.
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Results

Embedding Structure: Baseline Check

As a preliminary evaluation, a PCA plot of text-embedding-
3-large vectors demonstrated that sentences mainly group by
gender. Sentiment constitutes a secondary grouping. A
straightforward linear model can accurately predict a sen-
tence’s gender from these embeddings with almost perfect ac-
curacy. Given that text contains explicit gendered words, this
ability to recover is expected and does not necessarily im-
ply that embedding models have an unfair underlying struc-
ture. The tests below check whether the pattern survives when
structure and vocabulary are held constant.

Figure. 1 presents a PCA of the sentence embeddings that are bro-
ken down by gender and sentiment. The two-dimensional projection
is color coded to distinguish between female- and male-coded entries
and carries a marker for positive or negative sentiment. The figure
shows that sentences separate on the horizontal plane by gender and
vertically by sentiment i.e., gender information is linearly recover-
able in the embeddings even before any downstream training.

Alignment Analysis Across Models

Permutation testing revealed that cosine similarity between
gender and sentiment direction vectors was not statistically
significant. Testing text-embedding-3-large, observed cosine
similarity was 0.0210. This value lies squarely within our
random baseline (permutation null mean = -0.0039, SD =
0.1673). It thus falls within the 95% range of the null dis-
tribution [-0.3539, 0.3224] and fails to meet the statistical sig-
nificance criteria (p = 0.459) vs. (α = 0.05). To confirm this,
a bootstrap resampling routine was conducted with 500 itera-
tions and 80% subsampling. The subsequent mean alignment
of 0.0214 (SD = 0.0406) and its 95% confidence interval [-
0.0637, 0.0965] confirmed that the original result sits inside
the range expected by chance. The upward drift is not reli-
able because zero is in the interval and only 72.2% of samples
trended positive. The counterfactual template-swapping anal-
ysis identified 215 matched sentence pairs (cosine similarity
between matched pairs: mean = 0.7994, SD = 0.0428). When
only gender terms were swapped while holding templates con-
stant, the observed alignment was 0.029 with a permutation

p-value of 0.415, again not reaching statistical significance.
Gender-neutral control sentences (created by averaging male
and female embeddings for each template) retained strong
sentiment classification accuracy (5-fold CV: 98.6%, SD =
0.011), indicating that sentiment structure largely survives
gender removal. The low alignment score of -0.209 shows
that the neutralization process did not accidentally link gender
to sentiment. New gender-neutral sentences achieved 100%
sentiment accuracy. A gender classifier trained on the origi-
nal data categorized all 30 sentences identically. While this
suggests minimal gender bias in truly neutral text, it may also
indicate that the classifier struggled to process text stripped of
gender markers.

An analysis of 216 paraphrased variants, with 60 original
sentences and 156 paraphrases, consistently resulted in non-
significant results. Across all of the groupings the similarity
and p-values remained statistically insignificant. No signifi-
cant differences were found for the original sentences alone
(sim = 0.061, p = 0.408), the paraphrased versions alone
(sim = 0.049, p = 0.424), or all data combined (sim = 0.053,
p = 0.402). Even when all the data are taken together the re-
sult is the same (sim = 0.053, p = 0.402). Such consistency in
the validation process shows that the lack of alignment is not
some obvious artifact of the template structure but a genuine
finding.

Figure. 2 shows the permutation distribution for cosine (sentiment,
gender). The histogram plots the cosine similarity when the gender
labels have been shuffled, with a vertical line to mark the observed
statistic. In this case the statistic is well inside the null distribution (p
= 0.459), meaning the alignment is not of statistical significance.

Sampling-Driven Classifier Bias

The bias curves illustrate that various model families respond
uniquely to modifications in training data. Specifically: Linear
SVC was minimally affected by changes to the training data.
MLPClassifier and Gradient Boosting showed large increases
in bias as the proportion of positive examples varied. Logistic
Regression, Linear Regression, and Random Forest showed
moderate sensitivity.
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Despite gender not serving as an input feature, models still
learned gender-related information from embeddings.

Table 2 Bias and accuracy values at key sampling points (p = 0.0,
0.25, 0.5, 0.75, and 1.0) for each classifier.
Classifier p = 0.0 p = 0.25 p = 0.5 p = 0.75 p = 1.0 Acc. at p =

0.5

Logistic Regres-
sion

−0.665 −0.255 −0.007 +0.241 +0.668 0.986

Linear Regression −0.783 −0.003 +0.012 +0.029 +0.819 0.978

Linear SVC −0.408 −0.057 −0.011 +0.078 +0.414 0.983

Random Forest −0.611 −0.249 −0.019 +0.230 +0.638 0.964

Gradient Boosting −0.828 −0.238 −0.017 +0.174 +0.800 0.939

MLPClassifier −0.957 −0.054 −0.002 +0.047 +0.962 0.983

Table 2 presents bias and accuracy values at key sampling
points (p = 0.0,0.25,0.5,0.75,1.0) for each classifier. With
balanced training data (p = 0.5), all classifiers showed neg-
ligible bias: Logistic Regression (-0.007), Linear Regression
(+0.012), Linear SVC (-0.011), Random Forest (-0.019), Gra-
dient Boosting (-0.017) and MLPClassifier (-0.002). At ex-
treme values (p = 0.0 or 1.0), bias increased substantially,
with MLPClassifier showing greatest increases in bias (-0.957
at p = 0.0; +0.962 at p = 1.0) followed by Gradient Boosting
(-0.828; +0.800). Accuracy reached its peak around p = 0.5
for all models (ranging from 0.939 to 0.986), dropping to near
random levels (0.500) at extreme values, except for Gradi-
ent Boosting which remained slightly above random levels
(0.547 at p = 0.0; 0.506 at p = 1.0). These findings support
those from bias curves, allowing comparison among classifiers
based on performance under varying conditions.
At extreme values (p = 0.0 and p = 1.0), female-coded posi-
tive sentences are considerably more likely to be misclassified
as negative when most positive training examples are male-
coded. Similarly, male-coded negative sentences are more
likely to be erroneously classified as positive. This pattern,
and its mirror image at p = 0.0, appeared for all six classi-
fiers. Every classifier except Gradient Boosting misclassified
100% of these sentences and Gradient Boosting misclassified
81–98%.

For three models generating probability outputs (Logistic
Regression, Gradient Boosting, MLPClassifier), changing the
decision threshold from 0.3 to 0.7 at p = 0.5 had no effect on
bias. This was because the bias metric uses predicted scores
rather than thresholded labels. Threshold changes affected ac-
curacy instead. It was the most for Logistic Regression (0.772
to 0.969) and least for MLPClassifier (0.969 to 0.975).

Linear SVC tends to be quite consistent in its behavior un-
der different sampling conditions when run with the default
hyperparameters. Logistic Regression and Linear Regression
were less stable. Also, Linear Regression reached bias lev-
els close to Gradient Boosting at the extremes. On the other

Figure. 3 shows the bias and accuracy of the various classifier fam-
ilies under different sampling conditions. On the left is the mean
prediction-gap bias from a balanced test set, plotted as the share of
male-coded positive training examples (p) moves between 0 and 1.
On the right is the classification accuracy for those same conditions.
One can see that higher-capacity models such as the MLPClassifier
and Gradient Boosting are sensitive to bias excursions when the skew
is extreme. However, their accuracy is highest with a balanced train-
ing set and falls to near chance levels at the far end of the spectrum.

hand, higher-capacity approaches (such as Gradient Boosting
or the MLPClassifier) magnify disparity where there are ex-
treme skews. This results in steeper slopes and larger swings
in bias.

Changes in hyperparameter configuration (e.g., a lower
learning rate, fewer trees or more aggressive regularization)
can change that dynamic. Hence, fairness metrics should be
considered and weighted alongside accuracy when hyperpa-
rameters are selected.

Real-Data Vignette: Social Correlation Drives Down-
stream Bias

The synthetic experiments have made it clear that the interplay
of sampling and gender-sentiment links can give rise to gen-
der disparities, gender being an explicit feature or not. The
study now puts a similar mechanism to the test in an actual
socioeconomic context with the Adult Income dataset.

Take the matter of hours worked: in the Adult dataset, men
put in more time on average than women (some 42.4 hours a
week as against 36.4). Since there is a strong link between
longer hours and higher pay, a model will pick up on these
gendered differences through its inputs even if one has left
gender out of the feature set. For reference, a majority-class
baseline, simply predicting the most common income class
for everyone, comes in at about 75.9 per cent accuracy. The
figures below are to be viewed in light of that.

Consider a model with hours per week as its sole feature,
gender excluded. It will hand men higher income probabilities
on account of their greater average working hours. The mean
score for men is thus higher than for women (a bias of +0.048
± 0.002 over 10 splits), yet at 0.754 ± 0.005 the accuracy is
only marginally better than the majority-class floor. One can
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see that while the feature’s correlation with gender leads to
disparate outcomes, hours alone do not offer much in the way
of predictive power over and above class imbalance.

When race and gender are added as explicit features to the
mix, the model has access to the direct label as well as the
indirect signal from hours. This increases the disparity in pre-
dicted scores to a bias of +0.196 ± 0.002. However, accuracy
is barely affected. There is a widening inequity while the av-
erage outcomes remain unchanged.

The study also looks at the impact of changing the hours
per week. This is done by increasing female observations up
by the roughly six-hour gap (i.e., debiased hoursi = hoursi +
(mean hoursmale −mean hours f emale)1( f emalei). The result
is a near parity in mean predicted scores for the two sexes (bias
= 0.000 ± 0.001) with no loss to the overall accuracy of 0.756
± 0.005.

Table 3 The Adult Income example parallels synthetic experiments:
features incorporating gender information lead to different predic-
tions regardless of whether gender is explicitly used, and changing
the representation decreases the gap. However, there exist fundamen-
tal differences. In the synthetic corpus, the source of gender informa-
tion is controllable and known, whereas in the Adult data, real-world
factors such as occupation and education also contribute. In the syn-
thetic case, debiasing implies changing embeddings, whereas in the
Adult case, it implies modifying a single feature. The Adult example
illustrates a similar principle. The mechanism, however, is not shown
to be identical.

Feature configuration Mean bias (M –
F)

Accuracy % predicted high-
income (M / F)

Hours per week only +0.048±0.002 0.754±0.005 3.2% / 1.2%

Race + gender +
hours/week

+0.196±0.002 0.756±0.004 4.1% / 0.2%

Debiased hours per week 0.000±0.001 0.756±0.005 1.7% / 1.2%

When one looks at the group-wise classification rates for
the hours-only model, 3.2% of men are put in the high-income
category at a 0.5 threshold compared to 1.2% of women. Intro-
duce race and gender as additional features and that disparity
widens, with 4.1% of men predicted as high income against
just 0.2% of women. Debiasing serves to close the gap. This
narrowed, but didn’t close the gap, with the figures then being
1.7% for men and 1.2% for women.

What is seen in the Adult Income data is much like the
mechanism at play in our synthetic experiments. Even in the
absence of an explicit gender variable, features that hold gen-
der information can lead to disparate predictions, and a change
in representation will see the disparity diminish. Yet there
are some important differences between the two. The syn-
thetic corpus is a controlled environment with a clean setup
where the origin of the gender data is unambiguous. The Adult
data, by contrast, has the confounds of the real world. Hours
worked are tied to occupation and education as well as gender.

While the debiasing process in the synthetic work is a matter
of adjusting embeddings, here it is applied to a single tabular
feature. So, while the Adult example illustrates the same prin-
ciple, it cannot be interpreted to say that the mechanisms are
identical.

Discussion

There are three key findings. First, there was no statistically
significant evidence supporting a gender-sentiment relation-
ship in embeddings: observed cosine similarity fell within
the range of expected variation. Counterfactual template-
swapping and paraphrase robustness tests showed similar re-
sults. In the 932-sentence corpus using OpenAI embeddings
there was little evidence of gender-sentiment alignment be-
yond chance.

Second, imbalanced training data produced substantial bias
in classifiers despite gender not being an input feature. As the
proportion of positive examples moved towards one gender,
classifier predictions shifted, with the magnitude depending
on the model family.

Third, under tested conditions, Linear SVC showed the least
impact to sampling skew whereas MLPClassifier and Gradient
Boosting had the greatest bias. Logistic Regression, Linear
Regression, and Random Forest fell somewhere in-between.
The ranking may differ based on hyperparameters employed.

Ultimately, results demonstrate that at least in this study,
bias came not from embeddings but from a combination
of gender-correlated training data (or features similar to the
Adult Income example) and model capacity. Even though
overall accuracy stayed high, prediction gaps between groups
expanded under skewed training conditions. Embedding au-
dits, controlled sampling, and fairness-focused evaluation can
help AI developers identify where bias enters systems used for
high-stakes decisions, including hiring, lending and education,
before those biases affect real people.

Using default hyperparameters, models with higher capac-
ity (e.g., MLPClassifier and Gradient Boosting) were more
sensitive to sampling skew. This was unlike models like Lin-
ear SVC, which was least affected, Logistic Regression, Lin-
ear Regression and Random Forest. It is unclear if this pattern
applies to other datasets, embedding types and hyperparame-
ter configurations. Hence, when fairness is important, devel-
opers should assess fairness metrics in addition to accuracy
metrics.

The debiasing method used in this study (i.e., a sim-
ple mean-shift applied to the Adult data) was intentionally
kept simple to show that changing a gender-related feature
can lessen disparities. More sophisticated methods include
projection-based debiasing1, counterfactual data augmenta-
tion7 and re-weighting9,27. For genuine fairness issues, es-
tablished techniques should be considered. Integrating em-
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bedding audits, sampling sweeps and real-data examples are a
feasible starting point for fairness analysis.

Researchers should further question which models are sen-
sitive to biased sampling other than just evaluating accuracy
metrics. Additionally, they can assess features that convey
protected group information and interventions that best re-
duce inequalities. To turn this into a generalized framework, it
should be applied to additional tasks, datasets and embedding
types. The main contribution of this work lies in demonstrat-
ing how these three diagnostic methods can be used together.
Auditing embeddings, testing different data groups, and look-
ing at real examples is a practical way to start testing for fair-
ness.

Ethical Considerations

This study did not involve human participants or private data
and instead relied on synthetic sentences or publicly available
datasets.

Choosing to ‘debias’ a feature like hours-worked assumes
that gender differences in hours worked are partially caused by
structural inequality and that making this equal in the model
is an appropriate course of action. In other cases, group dif-
ferences may represent legitimate variations that should not
be removed. Determining what constitutes “bias” versus “sig-
nal” requires knowledge from field experts and input from af-
fected communities17. Further, there exists a potential risk
that debiasing could happen superficially solely for the sake
of satisfying fairness requirements without addressing under-
lying causes of inequality. Fairness interventions can create
unexpected outcomes if not carefully considered within their
respective contexts.

The study treats gender as binary. Therefore, non-binary,
genderqueer and other identities are not encompassed. Ex-
panding fairness analysis to include these groups represents
an important avenue for future research.

Limitations

The study has several limitations.
The synthetic corpus contains only 932 sentences and lim-

ited vocabulary written by one person. Inter-annotator relia-
bility was not verified. Therefore, subtle associations between
gender and writing style cannot be excluded although coun-
terfactual and paraphrase checks help reduce this risk. Only
OpenAI embedding models were tested. Testing open-source
embeddings such as Sentence-BERT or GloVe would support
arguments about embedding bias in general.

Further, classifier experiments using default hyperparame-
ters and alternative settings might show different patterns. The
bias metric (i.e., mean prediction gap) assesses only one as-
pect of fairness and other metrics like equalized odds, cali-

bration and individual fairness were not thoroughly examined.
The Adult Income example uses one feature and a simple de-
biasing method. Actual applications would require more de-
tailed feature analysis and complex interventions28.

Lastly, the study focuses solely on English text and bi-
nary gender, limiting its use in other languages and gender
identities. Future research may extend this analysis to larger
datasets, more tasks, current embeddings and non-binary rep-
resentations of gender.

Conclusion

To summarize, the study addressed three basic questions.
First, there was no statistically significant evidence suggest-

ing that pre-trained embeddings link gender with sentiment
beyond what would happen randomly. Observed cosine simi-
larity was not greater than the value obtained from the permu-
tation null hypothesis. Counterfactual template-swapping and
paraphrase robustness checks showed similar results. There
was little evidence showing gender-sentiment alignment be-
yond chance in the 932-sentence corpus using OpenAI em-
beddings.

Second, imbalanced training data produced clear, substan-
tial bias in classifiers despite gender not being an input fea-
ture. As the proportion of positive examples moved towards
one gender, classifier predictions shifted, with the extent de-
pending on model family.

Third, Linear SVC was most resistant to sampling skew
while MLPClassifier and Gradient Boosting showed greatest
bias.

Overall, results indicate that at least in this study, bias came
not from embeddings but from a mixture of gender-correlated
training data (or features similar to the Adult Income example)
and model capacity.

Although overall accuracy was high, the differences be-
tween groups grew when the training data was unbalanced.
Embedding audits, balanced sampling, and fairness testing can
help identify and reduce bias when building models for sensi-
tive applications. As machine-learning systems are increas-
ingly used in hiring, lending, and education, considering not
only the extent of bias but when it occurs in the process is also
crucial.
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