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This study leverages Natural Language Processing techniques to automate the process of identifying various kinds of bias in
journalism. Specifically, our models predict the type of bias (e.g. framing, confirmation), level of bias (neutral, slightly, highly
biased) and the presence of toxicity within a corpus of news articles related to a multitude of topics. For this purpose, we
leverage three machine learning models of varying complexity: logistic regression, decision trees and Bidirectional Encoder
Representations from Transformers (BERT), a state-of-the-art transformer-based model, pre-trained for NLP tasks. We assess
the models’ ability to determine keywords representative of a given type and level of bias, thus ensuring interpretability. First,
we devise a hypothesis based on the most common words and phrases associated with each label (e.g., keywords corresponding
to a news article categorized as health-related, slightly biased, and toxic). We assess the hypothesis and evaluate the models’
performance using macro-F1 score as the primary metric and inspecting SHapley Additive exPlanations (SHAP) values, pointing
to specific keywords for each predicted class. We find that BERT demonstrates optimal performance (47.9%), providing an
improvement over simpler models; specifically, BERT is adept at identifying confirmation and health-related bias. Lastly, we
apply BERT to articles related to the Mpox outbreak. The model categorized most content as health-related but reveals varying
bias levels depending on framing and tone. This showcases its potential as a groundbreaking editorial tool that equips journalists
to refine content for objectivity before publication.

Introduction

Over the past decade, the rapid evolution of news media has
transformed how information is spread worldwide, enabling an
unprecedented flow of new perspectives. Despite the positive im-
pact of news media platforms, they have also contributed to the
widespread misinformation and disinformation, which amplifies
bias and toxicity. Misinformation refers to false or inaccurate
information that is shared without the intent to deceive. Disin-
formation, on the other hand, refers to false information that is
deliberately created and spread to mislead. The vast amount of
information and opinionated content obscures the distinction
between verified facts and subjective viewpoints, making it dif-
ficult for laypeople to tell which is which. This emphasizes the
need for accurate tools to detect bias and toxicity.

To this end, our work applies Natural Language Processing
(NLP) techniques to analyze a dataset of news article texts, fo-
cusing on patterns in language that hint at bias and emotional
undertones. By being trained on articles published in various
news outlets, the NLP model can recognize and categorize dif-
ferent types of bias and toxic language. We optimize three
different machine learning models: logistic regression, decision
trees, and Bidirectional Encoder Representations from Trans-

formers (BERT), a cutting-edge large language model specifi-
cally pre-trained for NLP tasks. We assess the models’ ability
to determine keywords which are representative of a given type
and level of bias, thus ensuring that the models are interpretable.
We first formulate a hypothesis by identifying the most frequent
words and phrases linked to each label (e.g., keywords corre-
sponding to articles classified as health-related, slightly biased,
or toxic). To evaluate this hypothesis, we apply our models to
the dataset and measure their performance by assessing macro-
F1 score1, as our primary metric. We further examine model
interpretability by inspecting the SHapley Additive exPlanations
or SHAP2 which highlight the specific keywords influencing
each predicted class. Lastly, we apply BERT to an additional
set of articles related to Mpox and conduct a qualitative assess-
ment of the predicted labels. Due to computational resource
limitations, only the logistic regression model was trained on the
full dataset of 871,876 articles, while the more complex models
were trained on a reduced subset of 54,491 articles, a factor that
may influence the comparative performance outcomes discussed
later in this paper.

On a larger scale, this work provides news organizations with
valuable insights that can help in assessing and prioritizing arti-
cles that communicate constructive public dialogue. In addition,
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Fig. 1 Architecture of the BERT model used in this study, illustrating
how contextual embeddings allow the model to capture nuanced
signals of bias and toxicity. This provides the foundation for
comparing BERT’s interpretability and performance against traditional
models like logistic regression and XGBoost. Source: Vaswani et al.,
(2017) 3

the model has potential as a research tool for identifying pat-
terns of bias in news coverage, creating a foundation for future
advancements that encourage fairer reporting practices. The
insights that we gain from our model illustrate its potential to
help audiences understand the diverse perspectives and potential
biases that shape public narratives around critical issues like
public health. This research ultimately contributes to creating
a news environment that is both accurate and transparent, en-
hancing journalism’s role in fostering a well-informed society.
With this goal in mind, the study poses the question: can NLP
models accurately detect and quantify levels of bias and toxicity
in news media texts, as well as identify keywords which point
to a given type of bias?

Methods

Dataset Description

The dataset4 collected by the authors consists of a diverse range
of news articles and excerpts designed to analyze bias in media
reporting. This dataset comprises text entries labeled across
multiple dimensions of bias, including political, framing, hate
speech, toxicity, sexism, and ageism (each entry is assigned
only one type of bias). The labels were created through an
active learning approach. Firstly, a sample of articles were
manually annotated by trained reviewers using clear guidelines
that defined both the type of bias (such as political, gender, or
confirmation) and the degree of bias (neutral, slightly biased,
or highly biased). These examples were then used to train a
model, which generated labels for the remaining data. Human
reviewers checked and corrected the model’s output to improve
accuracy. Lastly, agreement among annotators was measured,
and the final dataset includes both overall bias labels for each
article and token-level markings of biased words. Before con-
ducting any analysis or developing machine learning models,
the dataset must be cleaned and preprocessed to ensure quality
and consistency. The following subsections describe the data
cleaning and preprocessing pipeline applied to refine the dataset
for effective bias detection.

Before applying machine learning models, the dataset under-
goes a rigorous preprocessing phase to remove inconsistencies
and improve usability. The original training dataset contains a
total of 875,702 text articles before processing. The first step is
to eliminate duplicate articles, incomplete excerpts, and entries
that contain excessive special characters or formatting issues,
after which the training dataset has 872,221 remaining articles.
The testing dataset, meanwhile, consists of 12,131 articles. To
standardize text representation, all content is converted to lower-
case, punctuation is removed where necessary, and stopwords
are selectively filtered to retain meaningful context. Entries that
are too short to provide substantial information are removed, as
they would not contribute effectively to model training.

The cleaned dataset provides a well-structured input for train-
ing models in media bias classification. A single sentence would
be labeled to one of the 30 output classes. The below table
shows the distribution of bias types within the training dataset
after preprocessing:

Bias Type Count
Confirmation 430,685
Political 224,162
Framing 70,229
Gender discrimination 44,072
Health Related 103,073

Table 1 Distribution of bias types (true label) in the dataset.
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Table 1 shows that confirmation bias dominates the dataset,
while framing and gender discrimination appear much less often.
This imbalance suggests that some forms of bias are reported far
more frequently, which may influence how well models learn
across categories.

Input and Output Definition

Input:
Each data entry consists of a text excerpt from a news source,

accompanied by additional metadata that helps in identifying
the presence and type of bias. The authors curated the dataset
such that every excerpt maps to a single output class based on
type of bias, level of bias, and toxicity. For example the sentence
“At the ER...biggest week of my life and im sick just my luck”
was labeled as Health-Related Slightly biased, and toxic.

Since media narratives can present multiple forms of bias
within a single article, some text excerpts may belong to more
than one bias category.
Output:

Each text excerpt is categorized into one of the predefined
bias dimensions. The dataset includes ternary classification
labels—highly biased, slightly biased, or neutral—alongside
binary toxicity indicators (toxic vs. non-toxic). Additionally,
bias-related words and identity-related mentions are flagged
to provide further interpretability. Given the nature of news
reporting, certain excerpts may be assigned multiple labels by
domain experts who are knowledgeable in various kinds of
bias, reflecting the complexity of media bias analysis. However,
for simplicity, we focus solely on mapping each article into a
single category, making this a multiclass (rather than multilabel)
classification problem.

Multiclass Classification Task

The dataset is structured as a multiclass classification problem,
meaning that each news excerpt can be categorized into one or
more of 30 predefined bias categories. The dataset includes 30
output classes, derived from the combination of five bias types,
three bias intensity levels, and a binary toxicity label. Unlike
binary classification tasks, where an excerpt would be labeled
as either biased or neutral, this dataset enables a more granular
classification of bias type.

To evaluate model performance, the standard macro-F1 score
is used as the primary metric, ensuring that all bias categories
receive equal weighting. This metric effectively balances pre-
cision and recall, minimizing both false positives (incorrectly
identifying bias) and false negatives (failing to detect bias).
Mathematically, the macro-F1 score can be defined as follows:

macro F1 =
1
|L| ∑l∈L

F1l =
1
|L| ∑l∈L

2PlRl

Pl +Rl
, (1)

where L is the label set, and Pl and Rl represent the precision
and recall metrics for label l, respectively1.

Additionally, models trained on this dataset will optimize
a multiclass version of the cross-entropy loss function to im-
prove classification accuracy across all bias categories. This loss
function is defined as:

logloss(Y,P) =−
N

∑
i=1

L

∑
l=1

I[yi = l] log(h(xi)), (2)

where Y is associated with I[yi = l], the true label distribution,
and P is associated with log(h(xi)), the distribution of predic-
tions based on the inputs5. Each of our models will aim to
minimize this multiclass logloss, which should lead to improved
performance.

Hypothesis

Our work aims to answer the following question: Which key-
words are most representative of various types and levels of bias,
as well as toxicity? From our exploratory data analysis, we can
devise a hypothesis to address this question by simply looking
at the frequency of certain keywords for each of our 30 classes.

The table below shows select keywords (unigrams or bigrams)
for each class based on frequency. Notably, we strive to deter-
mine the unique keywords that are most representative of each
type of bias, rather than common words that appear across all
classes which would not be very informative. Thus, the key-
words listed shed light on the kind of language corresponding
to a particular bias type. We plan to test this hypothesis by
comparing the most important keywords identified by our model
with the ones in the table to make a qualitative assessment of
the model’s ability to distinguish between different biases.

While Table 2 shows representative keywords for each class,
this frequency-based approach is only a first step in understand-
ing interpretability. To build a clearer link between intuitive
keyword sets and model-derived importance, future work will
compare the human curated keywords with SHAP explanations
and BERT attention distributions. This would allow us to mea-
sure how strongly model-identified signals align with the words
that annotators or exploratory analysis suggest, strengthening
confidence in the interpretability of the results.

Modeling Techniques

This study leverages three different types of machine learn-
ing models—logistic regression, XGBoost/decision trees, and
BERT/Neural Network. These models vary in levels of complex-
ity. Logistic regression and XGBoost/decision trees are simpler
models that use mathematics to find the relationship between 2
different data factors. BERT (Bidirectional Encoder Representa-
tions from Transformers) is a Neural Network that can capture
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Bias
level

Toxicity Representative keyword (based on fre-
quency) for each bias type

Neutral Non-
toxic

C: buy copies; P: member general; H: longest
rest; F: design presentation; G: growth employ-
ment

Toxic C: wot crazytwism; P: amy dumbowski; H: al-
cohols; F: throwdown; G: totally deserved

Slight Non-
toxic

C: guys bamboozle; P: federations stifle; H:
bipolar alzheimers; F: information obvious; G:
truly diaconal

Toxic C: louder annoying; P: anymore pointless; H:
sick vomiting; F: stupid self; G: pitting genders

High Non-
toxic

C: superoffice; P: rural anti; H: spends billions;
F: blocks entirety; G: woman accused

Toxic C: sucks bad; P: fool deplorable; H: sick killer;
F: mad wrong; G: chance hell

Table 2 Examples of the most common keywords linked to each bias
and toxicity level. These words give a snapshot of the language
patterns that tend to show up with different types of bias and help us
check if the models are picking up on the same signals.

more complex relationships between inputs and outputs, often
at the expense of reduced interpretability of the data.
Logistic Regression: Logistic regression6 is a machine learn-
ing algorithm used to predict the probability that an instance
belongs to a given class or not. It works by examining the re-
lationship between a set of independent variables and a binary
dependent variable7. The input data is processed through a
sigmoid activation function:

P(Z) =
eZ

1+ eZ , (3)

which is used in logistic regression and other classification
models to map any input Z (a real-valued number) to a value
between 0 and 1. e is represented as Euler’s number. The
prediction is then determined based on the value P(Z) relative
to a given threshold t; the prediction is 1 if P(Z) > t and 0
otherwise.
Decision Trees: A decision tree is a predictive model used to
determine the outcome based on a set of input features8. Its
structure is made up of decision nodes, branches, and leaf nodes,
where each leaf node represents a prediction for a specific class
label. At each level of the tree, an input attribute is chosen
as the decision node to split the data into branches based on
the attribute’s possible values. The selection of the attribute
is guided by a criterion that maximizes classification accuracy,
typically by minimizing tree entropy—defined as the amount of
information needed to correctly classify the inputs.

I(T ) =− p
p+n

log2

(
p

p+n

)
− n

n+ p
log2

(
n

n+ p

)
, (4)

where I(T ) represents the entropy, p is the number of positive
class instances, and n is the number of negative class instances.
Lower values of I(T ) indicate that the tree is more effective at
distinguishing between the classes.

Fig. 2 Example of a decision tree. Each internal node represents a
decision point, branches represent possible answers (yes/no), and leaf
nodes represent outcomes. This structure illustrates how decision trees
classify data by breaking down choices into a series of simple,
interpretable rules. Source (MindManager)9.

Neural Network: This model is trained to replicate human
thought and behavior in data processing10. Neural Networks
are computational models made up of layers of interconnected
nodes/neurons, with each connection assigned a weight. These
networks apply both linear transformations (using weighted
connections) and non-linear transformations (using activation
functions) to process inputs to generate outputs. The output
layer provides predictions or results depending on the task for
which the network was trained. Training a Neural Network
involves feeding inputs through the network, generating predic-
tions, and comparing them to the true class labels. Any errors
are captured and propagated backward through the network us-
ing the backpropagation algorithm, which adjusts the weights
of the neurons to minimize the error.

The weight update rule during backpropagation is expressed
as:

wi j = wi j −η
∂E

∂ (net( j))
Oi, (5)

where wi j is the weight connecting neuron j to i, E is the
error being back propagated, η is the learning rate, net( j) is the
input to neuron j, and Oi is the output of neuron i. This process
is repeated until the network converges on a set of weights that
optimize its performance for the given task.

Methodology

Text Preprocessing

Before feeding the text data into logistic regression and XG-
Boost, we must first preprocess it into a cleaner format. While
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Fig. 3 Illustration of the Neural Network structure used in this study,
showing how layers of interconnected nodes process input text step by
step. This helps explain how the model learns patterns in language that
can signal bias or toxicity. Source (Mondal, S. (2022)11

BERT can process raw text without extensive preprocessing,
the other models require additional preprocessing to perform
effectively. This is a crucial initial step in NLP tasks, ensuring
that the input data retains only the most relevant features for
prediction while eliminating unnecessary elements. While the
resulting sentence is less readable for humans, it is a more logi-
cal representation for the model to process as input. We achieve
this by applying the following preprocessing techniques:

• Remove punctuation

• Remove numbers

• Lowercase

• Remove stopwords (common English words, e.g. “a”,
“the”, etc.)

• Stemming (i.e. retaining only the root of a given word, e.g.
“giving” becomes “giv”. This helps to convert different
variations of the same word to one representation)

To demonstrate each of these steps, consider the following
example:

• “saw ’9 to 5’ again and SJB was back! w00000t!!!!! XD
She was BRILLIANT as usual ;) and uber sweet at SD
Stephanie J. Block = phenomenal!” (original sentence)

• “saw 9 to 5 again and SJB was back w00000t XD She was
BRILLIANT as usual and uber sweet at SD Stephanie J
Block phenomenal” (after removing punctuation)

• “saw to again and SJB was back w00000t XD She was
BRILLIANT as usual and uber sweet at SD Stephanie J
Block phenomenal” (after removing numbers)

• “saw to again and sjb was back w00000t xd she was brilliant
as usual and uber sweet at sd stephanie j block phenomenal”
(after lowercasing)

• “saw sjb back w00000t xd brilliant usual uber sweet sd
stephanie j block phenomenal” (after removing stopwords)

• “saw sjb back w00000t xd brilliant usual uber sweet sd
stephani j block phenomen” (after stemming)

Classification Models

Technical Specifications:
We train our models using the Google Colab environment.

By default, Colab gives the user 12.7 GB of RAM. To train
DistilBERT, we leverage a T4 GPU which is available in Colab.
There is no cost of running any of our models, as we are using
the free version of Colab. It takes about an hour to train the Dis-
tilBERT model, and just several minutes for Logistic Regression
and XGBoost. Each model is efficient and has low inference
latency—for example, DistilBERT can run inference on about
760 articles per minute (though of course its model object takes
up a significant amount of memory compared to the two simpler
models).

Pipeline 1: CountVectorizer + Logistic Regression
We leverage the scikit-learn package to develop our logis-

tic regression model12. Our pipeline consists of a CountVec-
torizer (which converts the input text into numbers based on
word frequency across the entire dataset) and the LR classifier.
For CountVectorizer, we set the value of ngram range to (1,2)
(meaning that the model will consider unigrams and bigrams
as features), and use the list of English stopwords provided by
sklearn. For LR, we set the value of C to 1 (this controls the
level of regularization to ensure that the model does not overfit)
and the maximum number of iterations to 500; we also use the
‘sag’ solver for fitting the model and a random state of 20240921
to ensure reproducibility.

Fig. 4 Logistic regression pipeline

Pipeline 2: TfidfVectorizer + XGBoost
We utilize the XGBoost package to develop our decision tree-

based model13. XGBoost (eXtreme Gradient Boosting) is an
ensemble technique consisting of multiple trees, in which each
tree is assigned a penalty based on its error frequency so that the
next tree can correct those mistakes (hence the term “boosting”).
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Our pipeline consists of a TfidfVectorizer (which is an exten-
sion of CountVectorizer based on term frequency in addition to
inverse document frequency) and the XGBClassifier. For Tfid-
fVectorizer, as for CountVectorizer in the previous pipeline, we
set the value of ngram range to (1,2), and use the list of English
stopwords provided by sklearn. For XGBClassifier, we set the
objective and the evaluation metric to values corresponding to
the multiclass classification task (given that we have 30 total
classes, compared to the 2 in binary classification) and use a
random state of 20241006 to ensure reproducibility.

Fig. 5 XGBoost pipeline

Pipeline 3: BERT
For our Neural Network-based model, we select BERT. This

transformer model is widely used in NLP. It is pre-trained on
large text corpora, including the Google corpus and Wikipedia.
This enables it to understand various grammatical structures in
English. Fine-tuning BERT on a specific dataset allows it to
adapt to domain-specific language, in this case, news media. It
still leverages its existing linguistic knowledge. Since BERT
already understands raw English text, we do not need to pre-
process or vectorize the input data. This step was required for
logistic regression and XGBoost.

The transformer architecture was first introduced in the pa-
per “Attention Is All You Need,” which proposed a novel NLP
framework consisting of an encoder and a decoder, both built as
Neural Networks3. BERT operates as an encoder-only model,
transforming raw text into a hidden representation and offer-
ing multiple variations suited for different tasks. To optimize
performance while reducing training time, we use a variant of
BERT called DistilBERT14. DistilBERT is trained using knowl-
edge distillation, a process that extracts key information from
BERT and compresses it into a more efficient architecture while
maintaining most of its accuracy. For implementation, we use
the base DistilBERT model from Hugging Face, the leading
repository for pre-trained NLP models.

The BERT model takes as input a sequence of words com-
prising a sentence, where each word is represented by a 768-
dimensional vector. To retain word order information, we apply
positional encoding. This helps the model understand the struc-

ture of the sentence. BERT’s transformer-based architecture
incorporates a self-attention mechanism. This mechanism deter-
mines the significance of words in a given context. For example,
in the sentence “A cat jumped over the fence,” key words such
as “cat,” “jumped,” and “fence” carry the most meaning for
understanding the sentence.

Once self-attention is applied, BERT performs multi-head at-
tention, followed by a residual connection that bypasses hidden
layers by adding the input data directly to the output layer. This
approach helps mitigate the vanishing gradient problem, which
occurs when gradients become too small during stochastic gra-
dient descent, preventing the model from converging effectively.
The processed data is then passed through a feedforward layer,
where it is flattened and prepared for classification. Finally, the
output layer applies the softmax function to categorize whether
a given sentence exhibits bias or toxicity.

In terms of hyperparameters, we set the number of warmup
steps for learning rate equal to 10,898 (20% of the size of our
training set), weight decay to 0.05, and batch size of 16. We
train the model for 10 epochs.

Fig. 6 BERT pipeline

SHAP Method for Model Interpretability

To assess the explainability of our models (namely, XGBoost
and BERT), we utilize SHAP (SHapley Additive exPlana-
tions)15. This package offers tools for interpreting a wide range
of machine learning models. SHAP operates as an additive
feature attribution method, computing values that quantify how
changes in an input feature affect the model’s output. This en-
ables us to determine the significance of specific features in
predicting each class, particularly in identifying key n-grams
associated with different types and levels of bias. Additionally,
SHAP provides various visualization tools that illustrate the
relative influence of different n-grams across our three models,
enhancing interpretability.
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Fig. 7 Illustration of SHAP (SHapley Additive exPlanations). This
visualization demonstrates how SHAP makes complex model
predictions more interpretable by linking outcomes back to specific
input features. Source (Lundberg, et al., (2017)16

Results

For evaluation, we leverage the existing data which has already
been split into training and testing sets by the curators of the
dataset. Within each split, we extract all the news articles corre-
sponding to the 5 bias types of interest: confirmation, political,
health-related, framing, and gender discrimination. Combined
with the three levels of bias (neutral, slight, and high) and the
binary label for toxicity, we have a total of 30 possible classes.
For the training set, this encompasses 871,876 news articles,
while the test set contains 12,129 news articles.

The macro-F1 score for each model reflects its overall perfor-
mance on the test set. For Logistic Regression, XGBoost, and
BERT, these scores are 11.4%, 15.5%, and 47.9%, respectively.
As a noteworthy aside, Logistic Regression is the only model
which we train on all of the 871,876 available news articles;
for the latter two models, we only train on 54,491 articles (i.e.
1/16th of the training set) due to computational resource con-
straints of our Python environment. Taking this into account,
we see that BERT performs significantly better than Logistic
Regression (despite being trained on a fraction of the data), and
also better than XGBoost on the same amount of data.

To expand on how we select the training set for XGBoost
and BERT, we randomly sample 1/16th of the original training
set (which amounts to 54,491 articles) using a random state
of 42 for reproducibility. We choose 1/16th because it is not
possible to train on any larger fraction of the data, as the Colab
notebook tends to run out of memory at a certain point in the
training process. We can explore other sampling strategies (e.g.
by source) in the future.

The Stanford CS224N project on bias detection in news
articles17 provides a useful point of reference. Their base-
line neural models using bag-of-words and TF-IDF features
achieved low accuracies of about 15%, while an unsupervised

k-means approach failed to separate articles meaningfully. Their
strongest model, a SimCSE sentence embedding classifier,
reached roughly 24% accuracy. By contrast, in this study, logis-
tic regression and XGBoost performed somewhat better, while
BERT substantially outperformed these baselines. This sug-
gests that transformer-based architectures not only surpass sim-
ple frequency-based or clustering methods but also scale more
effectively to the complexity of a 30-class bias and toxicity
framework.

The confusion matrix, displayed below, is a reliable method
to assess each model’s performance. This figure compares the
number of instances where the predicted label matches the ac-
tual label for each of the 30 classes. Intuitively, the larger the
numbers on the diagonal of the confusion matrix, the better the
performance of the model. While the entire matrix for all 30
classes is too large to include here, we focus on the 6 variants
of confirmation bias as an illustrative example. The neutral, not
toxic confirmation bias class is the most common in the test set,
representing 2,717 instances out of 12,129. Thus, a poorly per-
forming model would attempt to categorize most news articles
into this class simply due to its frequency. When we compare
the confusion matrices for the three models, we see that Logistic
Regression tends to follow this pattern, classifying 2,650 arti-
cles as neutral, not toxic confirmation bias. XGBoost performs
slightly better with 2,527 such articles, and BERT shows the
best performance as indicated by the more even distribution of
numbers on its confusion matrix.

We can also look at performance of each model per class on
the test set, focusing on separate metrics such as precision and
recall. Here are the results for the highly biased variants of each
bias type, as well as the neutral, non-toxic confirmation bias
which is the most common:

As we can see, BERT achieves the highest F1 score across all
of these classes. XGBoost occasionally outperforms BERT in
terms of precision or recall, while Logistic Regression tends to
do worse overall.

While the confusion matrix serves as a quantitative method
to evaluate model performance, the keywords that each model
identifies can provide qualitative insight into how well it can
distinguish between various bias types. The plots below depict
the top keywords that each model captured as being related to
framing bias and its highly biased, toxic variant (as well as some
other classes in the case of XGBoost). Note that for Logistic
Regression, we can directly look at the coefficient associated
with each keyword (as the model computes these on its own),
whereas for the other two models, we must rely on the SHAP
method as an additional tool to obtain the relative scores (Shap-
ley values) for the different keywords. We see that Logistic
Regression and XGBoost identify fairly simple words (“wall”,
“stupid”, “fail”) that would likely be relevant to multiple kinds
of bias, whereas BERT is able to pick up on some words that
seem somewhat more specific to framing, at least in certain con-
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LR XGBoost BERT
Class # of instances P

(%)
R
(%)

F1
(%)

P
(%)

R
(%)

F1
(%)

P
(%)

R
(%)

F1
(%)

Confirmation, Neutral, Non-
Toxic

2,717 29.4 97.5 45.2 33.7 93.0 49.4 74.7 82.2 78.3

Confirmation, Highly Bi-
ased, Non-Toxic

678 0 0 0 59.0 3.4 6.4 69.5 38.9 49.9

Confirmation, Highly Bi-
ased, Toxic

1,515 50.0 6.9 12.1 62.7 26.5 37.3 79.8 64.0 71.0

Framing, Highly Biased,
Non-Toxic

62 0 0 0 100 1.6 3.2 51.5 27.4 35.8

Framing, Highly Biased,
Toxic

158 0 0 0 75.0 5.7 10.6 71.3 55.1 62.1

Gender discrimination,
Highly Biased, Non-Toxic

31 61.5 25.8 36.4 100 3.2 6.3 60.0 67.7 63.6

Gender discrimination,
Highly Biased, Toxic

38 0 0 0 0 0 0 48.1 34.2 40.0

Health-related, Highly Bi-
ased, Non-Toxic

201 42.9 1.5 2.9 36.4 4.0 7.2 63.6 38.3 47.8

Health-related, Highly Bi-
ased, Toxic

527 62.4 15.7 25.2 67.4 27.5 39.1 72.7 67.4 70.0

Political, Highly Biased,
Non-Toxic

22 0 0 0 0 0 0 50.0 13.6 21.4

Political, Highly Biased,
Toxic

46 20.4 21.7 21.1 10.0 2.2 3.6 59.5 47.8 53.0

Table 3 Per-class performance for each model.

texts (“capture”, “frustrated”). BERT may also be identifying
words that are not related to framing bias, but perhaps fram-
ing in a different sense of the word (“video”, “photo”). This
outcome showcases BERT’s knowledge of various linguistic
phenomena and its ability to segment concepts based on their
meaning, which more traditional models like the former two
cannot do quite as well. While SHAP analysis offers valuable
insight into model decision-making, some highlighted terms
do not clearly relate to the bias being evaluated. For example,
BERT occasionally assigns importance to words like “flag” or
“playing” under framing bias. We treat these cases as noise in the
feature attribution process and emphasize that interpretability
requires distinguishing between truly bias-relevant terms and
spurious signals. To address this, we focus our discussion on
the keywords that consistently align with intuitive class distinc-
tions, while recognizing that not all SHAP outputs are equally
informative.

Discussion

Evaluation of Hypothesis

Conducting a qualitative assessment of the results in relation
to the hypothesis, we see that the overall connotation of the
words identified by our models aligns with that of the most

common words found throughout the various news articles. In
particular, we can observe that as the complexity of the model
increases, it can more effectively pick up on more advanced
degrees of bias. For example, referring back to framing bias,
Logistic Regression (our most basic model) is able to identify
the word “stupid”, which we noted as being associated with a
slightly biased, toxic variant. XGBoost, meanwhile, picks up
on the word “fail”, which can be used in similar contexts as the
phrase “mad wrong” corresponding to the highly biased, toxic
variant of framing. Our most sophisticated model, BERT, can
identify words for both non-toxic and toxic variants of highly
biased framing (“capture”, which is similar to “blocks entirety”,
and “frustrated”, which is fairly close to “mad” in the phrase
“mad wrong”). Thus, the more advanced model does a better
job of capturing higher levels of bias and different options for
toxicity, which makes intuitive sense given that it was exposed
to a greater variety of language during pre-training. This result
likely holds for the other types of bias included in the dataset as
well.

In general, our experiments show that out of the models we
tested, BERT is the best at picking up on bias-related language.
The keyword analysis that we perform in this work can enhance
the interpretability of the model, which is particularly crucial
to end users who may wish to understand the decision-making
process used to assign a certain type and level of bias to a given
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Fig. 8 Confusion matrices of true versus predicted labels for each
model in the testing dataset.

Fig. 9 SHAP analysis of the three models

news article.

Qualitative Assessment on Monkeypox Dataset

The following analysis aims to examine the types of language
that can unintentionally influence readers. Journalists can use
these insights to strike a balance between delivering important
health information and maintaining neutrality, ensuring that their
reporting remains objective and trustworthy.

The dataset consists of monkeypox-related articles that were
broken down and analyzed to detect various forms of bias, with
the goal of helping journalists distinguish between biased and
unbiased language. We had 117 articles in total that were pre-

dicted into different classes. Applying our models to these
articles, the distribution of select predicted classes is as follows:

Class Count
Health-related, Neutral, Non-Toxic 43
Health-related, Slightly Biased, Non-Toxic 24
Confirmation, Neutral, Non-Toxic 12
Gender discrimination, Slightly Biased, Toxic 2
Health-related, Highly Biased, Toxic 1

Table 4 Distribution of Mpox articles into different classes by the
model.

For each sentence, the model returned a probability for the
associated predicted class. Here are a few examples of the
sentences and their outputs:

Sentence Predicted Class
Morocco has confirmed a case of mpox
in a man in the city of Marrakech, the
health ministry said

Health-related, Neutral,
Non-Toxic

The virus, previously known as monkey-
pox, can spread through contact with
infected animals or people, or through
the consumption of contaminated meat

Health-related, Highly
Biased, Toxic

Mpox can be spread through close per-
son contact with someone who is in-
fected

Health-related, Slightly
Biased, Toxic

“In the Democratic Republic of Congo,
their access to the impact vaccine is lim-
ited,” he said

Political, Slightly Bi-
ased, Non-Toxic

Previously the outbreak had been con-
centrated in the Democratic Republic of
Congo

Political, Neutral, Non-
Toxic

Table 5 Examples of sentences from Mpox articles classified by our
model

For example, the sentence “Mpox can be spread through close
person contact with someone who is infected” was labeled as
Health-related Slightly Biased with a predicted probability of
0.544. In contrast, “Morocco has confirmed a case of mpox in a
man in the city of Marrakech, the health ministry said” was clas-
sified as Health-related Neutral with a much higher predicted
probability of 0.920. The model tends to label statements con-
taining guidance or warnings as slightly biased, as they may
reflect interpretative or persuasive language, whereas factual,
objective reporting is more likely to be labeled as neutral.

Additionally, the sentence “In the Democratic Republic of
Congo, their access to the impact vaccine is limited,” he said”
was labeled as Political Slightly Biased with a predicted proba-
bility of 0.643. This was most likely labeled as slightly biased
because this could unintentionally suggest that the country it-
self is the problem rather than acknowledging external factors.
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In contrast, more factual statements, such as “Previously the
outbreak had been concentrated in the Democratic Republic of
Congo”, was classified as Political Neutral with a 0.512 proba-
bility.

Although the Mpox case study highlights important trends in
how bias and toxicity appear in reporting on emerging health
crises, the dataset is very limited in size, with only 117 articles.
Such a small sample restricts the ability to generalize findings
and raises the likelihood that some observed patterns are specific
to this dataset rather than broadly representative. For this rea-
son, the Mpox analysis should be read as exploratory, offering
preliminary insights into how the models handle a niche but
significant topic, rather than as a definitive conclusion.

In summary, by applying these insights, journalists can bet-
ter balance the delivery of important health information while
maintaining neutrality, making sure that their reporting remains
objective and unbiased.

Error Analysis

While the BERT model showcases the best performance of the
three models that we tested, it still has some room for improve-
ment in terms of categorizing articles more accurately. For ex-
ample, looking at the confusion matrix for BERT in Figure 8, we
see that 969 articles containing highly biased, toxic confirmation
bias are predicted correctly. However, there is a substantial num-
ber of articles that BERT placed into other categories, such as
16 that are predicted as neutral and non-toxic and 271 predicted
as slightly instead of highly biased. These numbers illustrate the
mistakes that BERT can make in distinguishing between levels
of bias and toxicity, which can potentially be improved with
further fine tuning.

Another indicator of BERT’s flaws in bias comprehension is
the SHAP analysis used to identify the top keywords for each
bias type. Looking at the list of keywords that BERT associated
with framing bias in Figure 9, we see that some of them (e.g.
“playing”, “flag”) may actually not be relevant in such contexts.
A more robust model would be able to filter out keywords that
are not truly indicative of the given phenomenon so as to ensure
proper interpretability. Again, this can be improved by fine
tuning BERT in a more extensive manner.

Due to computational constraints, the BERT model was
trained on only a subset of the dataset, making direct com-
parisons with models trained on the full dataset less balanced;
future work should employ approaches such as distributed train-
ing or cloud GPUs to ensure more equitable evaluations.

To further mitigate the effects of dataset imbalance, particu-
larly the overrepresentation of categories like confirmation bias
and underrepresentation of smaller classes such as gender dis-
crimination, future work should explore balancing strategies
such as re-sampling, class weighted loss functions, or other aug-
mentation methods to ensure fairer model performance across

all bias categories.
One limitation of this study lies in the Mpox case subset,

which contains only 117 articles. The small dataset size makes
model performance more sensitive to noise and less reliable
for drawing firm conclusions. While the analysis provides use-
ful early observations, the limited sample reinforces that these
results should be treated as exploratory and interpreted with
caution.

Real-time bias detection could be valuable, but it also comes
with challenges. Running large models at scale is costly, fairness
across categories must be protected, and media outlets may be
hesitant to adopt automated tools. Acknowledging these limits
shows that real-time use is possible but not without obstacles.

Automated bias detection carries important risks. False posi-
tives could unfairly label articles, creating stigma or discourag-
ing certain types of reporting. Models can also amplify existing
dataset biases, which may skew results further. To limit these
harms, systems should include human oversight, set confidence
thresholds before flagging content, and remain transparent about
how decisions are made. These safeguards help balance the
promise of automation with the responsibility to protect journal-
istic integrity.

Looking at the per-class results, the models often misclassify
smaller categories such as gender discrimination and political
bias, where logistic regression and XGBoost frequently collapse
predictions into majority classes. BERT performs better overall,
but still struggles with categories that share overlapping lan-
guage, such as distinguishing between confirmation and framing
bias. The confusion is most pronounced for highly biased but
non-toxic classes, suggesting that the models pick up toxicity
cues more easily than subtle distinctions in tone or framing.

Future Work

Integrating bias and toxicity detection systems into social me-
dia and news media platforms can provide real-time indicators
of article reliability. Additionally, the development of auto-
mated misinformation tracking tools could help policymakers,
journalists, and researchers monitor trends in media bias and
disinformation campaigns over time. These tools could play a
critical role in combating bias within media, particularly in sen-
sitive topics such as elections, public health, and international
conflicts. At present, the models are not accurate enough for
real-world use, as the F1 scores show they make errors more
than half the time. However, the error analysis points to clear
areas for improvement, such as class imbalance and limited
training data for BERT. Addressing these issues could raise per-
formance to a level where real-world applications become more
realistic.

Future work could expand the SHAP analysis to look beyond
individual examples. Comparing keyword patterns across dif-
ferent classes and analyzing SHAP value distributions would
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help identify consistent signals the models rely on, as well as
points where they misattribute importance. This broader view
would make the interpretability claims more robust and show
how different types of bias are reflected in model explanations.

Additionally, a key focus should be on improving misinfor-
mation detection techniques related to Mpox and other public
health crises. Future models could incorporate fact-checking
sources and authoritative medical research databases to assess
the credibility of health-related claims in news articles. Analyz-
ing social media discourse alongside traditional news articles
could also provide a more comprehensive picture of how mis-
information proliferates in different online communities. In
addition, we can bring in domain experts who can ensure that
the labeling guidelines are consistent with the proper definition
of each bias type, as well as conduct an additional qualitative
assessment of the models’ performance.

Understanding the sociopolitical framing17 of Mpox remains
an important area of research. The disease has been subject
to stigmatizing narratives in certain media reports, particularly
regarding certain communities. Future work should investigate
how bias intersects with public health journalism, ensuring that
reporting on Mpox and similar diseases promotes factual ac-
curacy without reinforcing harmful stereotypes. Developing
models that can detect both scientific misinformation and social
bias in health reporting would significantly contribute to improv-
ing news media literacy and public trust in broadcasting health
information.

The Mpox-related media bias analysis presents unique chal-
lenges that lead to further investigation. One critical step is
expanding the dataset to include a wider range of health-related
misinformation, particularly in the context of infectious disease
outbreaks, vaccine hesitancy, and public health policy responses.
Given the rise of misinformation18 during global health crises,
future iterations of this dataset should include a time-series anal-
ysis of media framing during different phases of the Mpox out-
break. This could provide insights into how narratives evolved
over time19 and how misinformation spread across various plat-
forms20.

By expanding the dataset and integrating real-world applica-
tions, this project has the potential to contribute to the global
effort to combat misinformation21 and disinformation22 in news
media. The Mpox-related bias analysis provides a valuable case
study for understanding how health misinformation spreads22

and how media framing influences public perception of dis-
eases23. Addressing these challenges in future research will
help develop more effective bias detection systems ensuring that
information is presented fairly, accurately, and responsibly.
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