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Abstract — Various factors, including market perception
reflected in media information, Influence crude oil price
fluctuations. This study aims to analyse the Influence of
news sentiment on crude oil price movements using a deep
learning-based sentiment analysis approach. The dataset
consists of 108 news headlines and daily closing oil prices
from January to May 2025. It is important to note that this
dataset is relatively small for deep learning models like
LSTM, GRU, and BIiLSTM, which constitutes a major
constraint for this study. The news text was processed with
case folding, tokenisation, stopword removal, and
lemmatisation (not stemming to preserve semantic
integrity for BERT), then automatically labelled using the
DistilBERT model. The BERT-based vector
representations were used as input for three classification
models: LSTM, GRU, and BiLSTM. The evaluation results
showed that all three models achieved the same average
validation accuracy of 85.27%. However, the GRU model
is identified as the optimal performer, achieving the lowest
validation loss (0.3324), indicating better generalisation
performance than LSTM and BiLSTM. Further analysis
reveals that news sentiment tends to align with oil price
trends, particularly during significant market shifts.

Keywords: Sentiment analysis, deep learning, DistilBERT,
crude oil prices, LSTM.

I. INTRODUCTION

Globalization and advances in information
technology have significantly impacted various aspects
of human life, including the operation of global energy
markets. Crude oil is strategically essential in this regard,
as it is one of the most critical commodities in the
worldwide economy. Crude oil prices can fluctuate due
to numerous factors, including supply and demand,
OPEC policies, geopolitical conditions, and widespread
market opinion in the media and digital channels. In
today's information age, the abundance of news, reports,
and opinions widely disseminated through online news
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portals, social media, and economic forums can rapidly
influence market participants' decisions in the short and
medium term [1]. This demonstrates that information is
not only a means of conveying facts but also a driver of
market sentiment, which can directly impact crude oil
price volatility [2].

Attention to the influence of news on commodity
price movements has increased in recent years,
particularly due to advances in data analytics and
machine learning [3]. Sentiment analysis is a technique
for identifying and categorizing emotional content in text,
whether it is positive, negative, or neutral. It is a highly
sought-after approach [4]. Sentiment analysis allows us
to assess whether circulating news is likely to drive crude
oil prices up or down. For example, when news indicates
a possible supply crunch caused by geopolitical tensions,
market sentiment tends to be positive towards oil prices,
which then drives prices up. Conversely, when news
indicates a supply glut or a global economic slowdown,
the market tends to react negatively, resulting in a decline
in oil prices [5]. Therefore, the ability to capture and
measure sentiment from such news is crucial in
understanding crude oil price dynamics.

Quantitative studies show that automatically detected
sentiment helps predict commodity markets. Research
finds that sentiment signals from media and Twitter
reveal new evidence about oil price volatility [2]. News
sentiment also improves the accuracy of oil futures
return and volatility forecasts [5]. These results suggest
that using sentiment scores regularly improves
forecasting. Sentiment analysis provides useful insights
and is a strong tool for predicting short-term trends in the
crude oil market.

Approaches such as Support Vector Machine (SVM),
Naive Bayes, and K-Nearest Neighbor (KNN) have been
increasingly used in text-based sentiment analysis,
alongside the development of classification methods in
the field of artificial intelligence [6]. These approaches
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offer advantages such as ease of implementation and the
ability to perform classification based on the similarity
of text features. In other words, these models enable text-
based sentiment identification [7]. However, on the other
hand, advances in deep neural network architectures
have also been encouraged. Conversely, more complex
sentiment analysis methods, such as Long Short-Term
Memory (LSTM), are an evolution of the Recurrent
Neural Network (RNN) [8]. Its ability to overcome the
problem of vanishing gradients and understand long-
term context in sentences makes LSTM a popular tool
for capturing temporal patterns in text data.

Additionally, Bidirectional LSTM (BiLSTM) can
process information from both forward and backward
directions, providing a richer context for understanding
the text's meaning. As a result, it is becoming
increasingly popular. As an alternative, the Gated
Recurrent Unit (GRU), which is more lightweight than
LSTM, offers higher computational speed without
compromising sequential processing accuracy [9]. These
three methods have proven effective in analyzing
sentiment across various domains, particularly in the
financial and cryptocurrency sectors, such as Bitcoin, by
utilizing a text analysis-based approach to predict price
direction [10]. However, the computational complexity
and large data requirements mean that these methods
have not been widely applied in oil commodity market
sentiment analysis, particularly in local research [11].
Considering the need for researchers and investors in
Indonesia to understand the dynamics of the global oil
market in relation to their investment decisions, this
study utilizes English-language global news data
obtained through news portals and public datasets.

This phenomenon necessitates research specifically
examining how sentiment contained in news about crude
oil influences its price movements. Furthermore, it is
also essential to assess how well classification
techniques such as KNN identify this relationship. This
study aims to provide a more comprehensive
understanding of the relationship between public opinion
and energy price changes by combining historical oil
price data and relevant news. Furthermore, this study
aims to investigate how classification models categorize
news sentiment and relate it to changes in oil prices. The
results of this study will aid in the development of data-
driven trading strategies, assist market participants in
making decisions more aligned with changes in global
data, and contribute to the development of evidence-
based and adaptive energy policies.

Previous Research has extensively explored the use
of end-to-end transformer models for commodity market

prediction, which typically require large-scale datasets to
achieve convergence. However, there is a significant
Research gap in the context of highly specific and limited
datasets, where pure transformer models often suffer
from overfitting. Unlike previous studies that rely on
complex hybrid models or massive social media datasets,
this study offers a novel hybrid-lite approach: leveraging
the efficiency of DistilBERT for accurate automatic
labelling of short texts, then employing RNN layers
(LSTM, GRU, BiLSTM) as classifiers.

The use of RNNs over BERT vector representations
was chosen because they can capture sequential
dependencies in small datasets more reliably than full
transformer models with much larger parameter sets.
Furthermore, while most of the literature focuses on
historical data, this study provides a more up-to-date
contribution by analysing crude oil market dynamics
from January to May 2025. Thus, this Research fills a
methodological gap regarding the effectiveness of deep
learning-based sentiment classification under data-
limited conditions in the energy sector.

1. METHOD

In this Research, the authors propose a deep learning-
based classification framework to assess the impact of
news sentiment on crude oil price movements. To
transform words into numeric vector representations,
BERT (Bidirectional Encoder Representations from
Transformers) contextual embeddings are used, which
are then fed into LSTM, BiLSTM, and GRU models [12].
This approach aims to identify patterns and relationships
between news and changes in oil prices more effectively.
This Research utilises a news dataset on energy markets,
particularly those involving crude oil [13]. Preprocessing
was performed to clean and structure the text, converting
it to a numeric format ready for in-depth analysis [14, 15].
After preprocessing, each news item was categorised as
positive or negative using a transformer-based labelling
approach.

Next, models were developed using the labelled data
to compare the performance of each algorithm using
evaluation metrics such as the confusion matrix,
accuracy, and validation loss to assess generalisation
capabilities [16]. The goal of this Research is to develop
an optimal model identified as GRU based on validation
performance that accurately measures the impact of news
sentiment on fluctuations in crude oil prices. The
Research stages are illustrated in Fig. 1.
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Fig. 1 Systematic research stages

A. Data Collection

The primary data used in this study were obtained
from various credible sources, providing a
comprehensive dataset for the period of January to May
2025:

e https://www.investing.com Used as the primary
source for obtaining historical data on global
crude oil prices (WTI and Brent), including daily
closing prices and related market news.

¢ https://finance.yahoo.com Served as a supporting
source for validating daily crude oil price data in
numeric format (CSV).

e https://newsapi.org & Kaggle: Used to collect the
latest news headlines related to the oil market,
OPEC policies, and global energy dynamics.

This dataset was developed to support the
classification process of news influence on crude oil
price movements. The data consists of five primary
attributes and one class attribute, which describes the
sentiment of each news item. Details of the data structure
are shown in Table I.

B. Preprocessing & Sentiment Labeling

Preprocessing and sentiment labeling are crucial
stages in the data classification process. Their primary
goal is to clean the data of noise and assign sentiment
labels (positive or negative), enabling more accurate
classification. The preprocessing stages in this study
include the following steps [15]:

1) Case Folding: Converting all text to lowercase to
eliminate any discrepancies in meaning caused by
capitalization [17].

2) Tokenizing: Breaking sentences into words
(tokens) and removing punctuation to facilitate data
processing [18].

3) Stopword Removal: Removing common words
that do not significantly impact the meaning of the text
[19].
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4) Lemmatization: Converting words to their base
form (lemma) using WordNetLemmatizer. This was
chosen over stemming to maintain the semantic integrity
of tokens required for BERT-based contextual models.
[20].

5) Transformer (Labeling): For the labeling process,
we used a transformer model from Hugging Face,
DistilBERT, which has been specifically trained for
sentiment analysis. We utilized a fine-tuned DistilBERT
model from https://huggingface.co/distilbert/distilbert-
base-uncased-finetuned-sst-2-english, which was trained
explicitly for general sentiment tasks. This model is
capable of recognizing context and emotions in text with
a high level of accuracy, making it suitable for providing
sentiment labels to the news data used in this study.
Because the news data we used was sourced from global
English-language news, the English-based DistilBERT
pretrained model has strong initial capabilities in
understanding the semantic context of the short texts. We
acknowledge that this model was trained on general
sentiment data (not specific to the financial domain), so
its interpretation of the commodity market context may
be limited. Nevertheless, this model was chosen due to
its ability to understand the semantic context of short
texts and the availability of pretrained models [21].

TABLE |
DATA ATTRIBUTES TO CRUDE OIL PRICE
MOVEMENTS
No Attribute Description

1 Date Date of oil price news and data release

2 grli?fée Closing price of crude oil in United
(USD) States dollars (USD)

3 Headline  Main title of an article or news related

to crude oil

Sentiment value generated from text
analysis (positive = 1, negative/neutral
= O)

Class labels as classification targets,
following the results of preprocessing
and sentiment clustering

4 Sentiment

5 Label
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To mitigate the risk of mislabeling, a small sample
(approximately 20%) of the automatically labelled data
was manually examined (human annotation) to validate
the correlation of sentiment with price movements.
While manual validation was not possible for the entire
data set due to resource constraints, this process provided
initial confidence. Future work should include more
comprehensive human validation or the use of models
explicitly trained on financial market sentiment data to
ensure sentiment labels accurately reflect commodity
market sentiment.

C. Feature Extraction using BERT Embeddings

After preprocessing stages such as case folding,
tokenization, stopword removal, lemmatization, and
labeling with transformers, a clean set of words is
obtained, ready to be represented as vectors. In this study,
word representations were computed using BERT
(Bidirectional Encoder  Representations  from
Transformers) [22]. BERT is a pre-trained transformer-
based model that can understand the meaning of a word
in a bidirectional manner, namely by considering the
words before and after it. This makes BERT superior to
traditional word representation methods, such as GloVe
[20], as it can produce more nuanced and contextual
word meanings [23].

In this study, word representations were generated
using BERT. BERT is superior to traditional methods
like GloVe because it produces nuanced, bidirectional
contextual word meanings. BERT maps each headline
into a numeric vector with 768 dimensions. These
representations capture the deeper meaning of news
content, thereby improving classification performance.
BERT maps each word in a document into a numeric
vector. If a word is not present in the pre-trained model,
it is replaced with a specific token. The resulting
representation is then used to construct a representation
of the entire document. Some standard methods used to
build document representations from BERT output
include [24]:

1) Pooling: Taking the average or maximum value of
all word vectors in the document.

2) Concatenation: Combining vectors from all words
in the sentence sequence to form a complete document
vector.

With BERT-based representation, classification
models can more accurately recognize meaning and
sentiment in documents.

D. Sentiment Classification (LSTM, GRU, and
BiLSTM)

After the data has been preprocessed and word-
weighted, the next step is classification using a deep
learning model. This study employs three classification
algorithms: Gated Recurrent Unit (GRU), Bidirectional
Long Short-Term Memory (BiLSTM), and Long Short-
Term Memory (LSTM) to analyze news sentiment
related to crude oil price movements [25, 26]. At this
stage, each word in the processed news text is converted
into a vector representation using the BERT
(Bidirectional Encoder  Representations  from
Transformers) model. BERT enables more contextual
word weighting by considering the semantic and
syntactic relationships between words within a sentence.

The resulting word representations from BERT are
then used as input for the three predetermined
classification The resulting word representations from
BERT are then used as input for the three predetermined
classification algorithms (GRU, BIiLSTM, and LSTM).
Although all models achieved identical accuracy, the
best-performing model is determined based on validation
loss. While all models achieved identical accuracy, the
best-performing model was selected based on validation
loss to ensure superior generalization. The performance
of each model is evaluated using metrics such as
accuracy to determine which model produces the best
classification results [27].

E. Performance Evaluation (Best Model Selection)

Model evaluation was conducted by comparing the
average training loss, training accuracy, validation loss,
and validation accuracy values of each classification
model used: LSTM, GRU, and BIiLSTM [25, 28].
Particular emphasis was placed on validation loss to
assess the model’s ability to avoid overfitting. This study
aims to determine which model is most effective and
efficient in classifying news sentiment regarding crude
oil price movements.

Training loss measures the model’s error rate during
training, while training accuracy indicates how
accurately the model classifies the training data.
Validation loss measures the model’s ability to avoid
overfitting and maintain performance on new data, while
validation accuracy indicates the model’s ability to
classify the validation data accurately. The ideal model
is one with a low loss value (both on the training and
validation data) and a high accuracy value. By
comparing these four metrics, this study aims to
determine which model is most effective and efficient in
classifying news sentiment regarding crude oil price
movements.

F. News Sentiment Impact Analysis on Crude Qil
Price Movements
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The sentiment labels generated by the selected
classification model are compared to crude oil price
movements to examine the relationship between news
sentiment and market trends. This analysis was carried
out through descriptive observation of sentiment patterns
and price fluctuations that occurred during the research
period.

I11. RESULT AND DISCUSSION

This Research focuses on sentiment analysis to assess
the impact of news on fluctuations in crude oil prices.
The data used was collected from various news sources
and global oil price data from January 2025 to May 2025.
The Research process involved several stages, starting
with the collection of news and oil price data, followed
by text data preprocessing, which included case folding,
tokenization, stopword removal, lemmatization, and
labeling using transformers. These stages aimed to clean
the data from noise and structure the text into a more
structured form.

Next, word weighting was performed using the BERT
(Bidirectional Encoder  Representations  from
Transformers) model. BERT is used to transform words
in news reports into contextual vector representations,
enabling them to capture the meaning and relationships
between words in sentences more deeply. These
representations are then wused as input for the
classification process. Classification experiments were
conducted using three deep learning algorithms: the
Gated Recurrent Unit (GRU), the Bidirectional Long
Short-Term Memory (BiLSTM), and the Long Short-
Term Memory (LSTM). Each model was trained to
classify news sentiment as positive or negative regarding
crude oil price movements. Model evaluation was
performed using a confusion matrix and evaluation
metrics, including accuracy, precision, recall, and F1-
score, to determine which model was most effective in
classifying news sentiment.

A. Dataset

This study uses a dataset derived from news stories
considered to Influence crude oil price movements,
consisting of 108 records from January to May 2025.
While the dataset consisting of 108 news headlines is
relatively limited for deep learning applications, this
study employs several strategies to mitigate the risk of
overfitting. First, the use of 10-fold cross-validation
ensures that every data point is used for both training and
validation, providing a more robust estimate of model
performance. Second, the choice of GRU and
DistilBERT (a lightweight transformer) is strategic;
these models have fewer parameters than full-scale
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transformers, making them less prone to overfitting on
small-scale datasets. The data labeling process was
automated using Python and the Hugging Face library,
enabling sentiment classification of each news item into
positive or negative categories. Although the initial
dataset had five attributes, this study used only three
primary attributes, as they were most relevant to the
analysis objectives: number, date, close price (in USD),
and headline. The following metadata used in this study
are included in Table I1.

B. Implementation of Data Preprocessing and
Labeling

In this process, the focus of data transformation is on
the Headline attribute, as it is analyzed to determine the
news sentiment regarding crude oil price movements. To
expedite and simplify the data classification process, this
study used 108 news articles on crude oil prices. The
dataset includes a collection of news headlines from
January to May 2025 that have been sentiment-
annotated, resulting in thousands of words analyzed. The
results of each preprocessing stage and the final
sentiment labels for representative news headlines are
presented in Table I11. Before the data was entered into
the classification model, several preprocessing and
labeling stages were carried out, namely:

1) Casefolding: This is an initial preprocessing step
that standardizes text formatting by converting all capital
letters to lowercase, so that spelling differences such as
"Oil" and "oil" are no longer recognized as different
terms by the system. For example, the text "Oil Prices
Rise Amid Geopolitical Tensions" is changed to "oil
prices rise amid geopolitical tensions." This change
enables further text processing, including tokenization
and sentiment analysis.

TABLE II

CRUDE OIL PRICE NEWS SENTIMENT METADATA

No Date CI(()LSJESFI;)';'C(E Headline

1 2025-01-01 64.75 Oil markets await
OPEC decision

2  2025-01-02 60.93 OPEC fails to reach
output agreement

3 2025-01-03 74.42 Global demand shows
strong recovery

4 2025-01-06 66.55 Refineries increase

runs, supporting oil
markets

Global demand shows
strong recovery

108 2025-05-30 72.6
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2) Tokenizing: In this stage, the sentences in each
headline are broken down into word parts (tokens) using
commas as word separators. While casefolded text
remains a full sentence in lowercase form, tokenizing
separates each headline into individual word sets. This
process aims to simplify subsequent stages, such as
stopword removal and word frequency analysis. For
example, the sentence "oil prices rise amid geopolitical
tensions” becomes: ["oil", "prices", "rise", "amid",
"geopolitical”, "tensions"] after tokenization. By
dividing sentences into tokens in this manner, the system
can more easily identify essential words and remove
irrelevant ones in subsequent stages.

3) Stopword: Common words such as "in," "is,"” "to,"
"the,” "and,” "on," "by," and other auxiliary words that
do not have significant informational value are removed
from the tokenization results. These words are
considered stopwords because they do not contribute
significantly to the meaning of the sentence or sentiment
analysis. The purpose of this process is to simplify the
text and filter only essential and relevant words to be
used in the classification stage, enabling the model to
focus more on identifying patterns that accurately
represent sentiment in news articles regarding crude oil
price movements.

4) Lemmatization: This stage was conducted on the
collection of news  headlines using the
WordNetLemmatizer library, transforming affixed
words to their lemma (valid base form) while preserving
their lexical integrity. For example, words like "markets"

become "market,"” "drops" become "drop,” "prices"
become "price," "shows" become "show," "supporting"
become "support,” and "threatens” become "threaten."
This process aims to reduce word variation while
ensuring the resulting words are semantically valid,
which is crucial for maintaining the quality of contextual
token representation used by BERT. The lemmatization
results are used as input to the word weighting and
classification process, which uses GRU, BiLSTM, and
LSTM models.

5) Transformers: The result of the transformer
process in this study is a sentiment classification into two
categories: positive and negative. For automatically
labeling crude oil news headlines, a transformer model
based on the pretrained language model DistilBERT
from Hugging Face, trained explicitly for sentiment
analysis tasks, was used. This process automatically
categorizes each headline based on its context.

Preprocessing and labeling successfully removed
noise, simplified news headlines to a more standardized
format, and assigned positive and negative sentiment
labels to each news item. Thus, the data, previously a
collection of unstructured sentences, has been converted
into a cleaner, more consistent format, making it better
prepared for analysis. This stage enables a more efficient
and accurate classification process, facilitating the
identification of sentiment patterns in news reports
regarding crude oil price movements from January to
May 2025.

TABLE 11l
TEXT PREPROCESSING PIPELINE EXAMPLE
No Orlglr)al Casefolding Tokenizing Stopword Lemmatization Label
Headline Removal

1  Oil markets await  oil markets await  [oil, markets, await, oil markets await  oil market await  negative
OPEC decision opec decision opec, decision] opec decision opec decision

2  OPECfailsto opec fails to reach  [opec, fails, to, opec fails reach opec fail to negative
reach output output agreement  reach, output, output agreement  reach output
agreement agreement] agreement

3  Global demand global demand [global, demand, global demand global demand positive
shows strong shows strong shows, strong, shows strong show strong
recovery recovery recovery] recovery recovery

4 Refineries refineries increase  [refineries, refineries increase  refinery positive
increase runs, runs, supporting increase, runs, runs supporting increase run
supporting oil oil markets supporting, oil, oil markets support oil
markets markets] market

108 Global demand global demand [global, demand, global demand global demand negative
shows strong shows strong shows, strong, shows strong show strong
recovery recovery recovery] recovery recovery
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C. Word Weighting using BERT

After preprocessing 108 headlines, each term was
transformed into a vector representation using the BERT
method After preprocessing 108 headlines, each term
was transformed into a vector representation using the
BERT method with dimensions (86, 768). This method
produces contextual word representations based on the
deep learning model’s understanding of semantic and
syntactic relationships within news texts. Each document
(headline) was represented as a vector of dimension (86,
768), obtained from the final layer of the BERT model,
accounting for the full context of each word within the
sentence.

The results of this transformation process are
presented in Table IV, which displays the vector
representation of each headline. This representation aims
to capture the deeper meaning of news content, thereby
improving  sentiment  classification  performance
regarding the impact of news on crude oil price
movements.

D. Classification using BERT Weighting and LSTM,
GRU, and BiLSTM Algorithms

At this stage, the classification process is carried out
using vector representations derived from BERT
(Bidirectional Encoder Representations  from
Transformers) feature extraction. Each preprocessed
document is converted into a 768-dimensional vector
using Huggingface’s pretrained model distilbert-base-
uncased-finetuned-sst-2-english, which captures both
semantic and syntactic context from the news headlines.
These vector representations are then used as input for
three  Recurrent Neural Network (RNN)-based
classification models: Long Short-Term Memory
(LSTM), Gated Recurrent Unit (GRU), and Bidirectional
Long Short-Term Memory (BiLSTM). These algorithms
were selected for their ability to learn sequential patterns
and capture contextual relationships in text data.

The LSTM model achieves an average validation
accuracy of 85.27%, with values ranging from 72.72% to
90.90% across folds. However, its validation loss
(0.3702) is higher than that of the GRU and BiLSTM
models, indicating suboptimal generalization despite
achieving competitive accuracy. Detailed results for the
LSTM model are presented in Table V.

TABLE IV
BERT WEIGHTING REPRESENTATIONS
Indo/ Input_ids Attention_mask Predicted_label
1  tensor([[ 101, 3514, 3006, 26751, 6728, 858 tensor([[1,1,1,1,1,1,1,1,0,0,0,0,0,0,0,0, 1
2 tensor(][ 101, 6728, 8586, 8246, 2000, 3362, 6 tensor([[1,1,1,1,1,1,1,1,1,0,0,0,0,0,0,0, 1
3 tensor([[ 101, 3795, 5157, 2265, 2844, 7233,1 tensor([[1,1,1,1,1,1,1,0,0,0,0,0,0,0,0, 0, 0
4 tensor([[ 101, 21034, 3623, 2448, 2490, 351 tensor([[1,1,1,1,1,1,1,0,0,0,0,0,0,0,0,0, 1
108 tensor([[ 101, 3795, 5157, 2265, 2844, 7233,1 tensor([[1,1,1,1,1,1,1,0,0,0,0,0,0,0,0, 0, 0
TABLE V

LSTM MODEL PERFORMANCE DETAILS

Fold Model TrainlLoss Train Accuracy Validation Loss Validation Accuracy
Fold1 LSTM 0.704808444  0.824742268 0.315160245 0.909090909
Fold2 LSTM 0.523159258  0.618556701 0.521685541 0.727272727
Fold3 LSTM 0.430202957  0.865979381 0.517733693 0.727272727
Fold4 LSTM 0.528250322  0.577319588 0.309604049 0.909090909
Fold5 LSTM 0.444586307  0.865979381 0.527641237 0.727272727
Fold6 LSTM 0.727520242  0.659793814 0.324770987 0.909090909
Fold7 LSTM 0.682730444  0.907216495 0.322162241 0.909090909
Fold8 LSTM 0.472122282  0.845360825 0.29325828 0.909090909
Fold9 LSTM 0.450616661  0.846938776 0.288228095 0.9
Fold10 LSTM 0.455008842  0.846938776 0.281991959 0.9
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Furthermore, the BiLSTM model was also used to
capture sequential context from both directions (forward
and backward). This model achieved an average
validation accuracy of 85.27%, with the highest accuracy
of 90.90% for Folds 1, 4, 6, 7, and 8, and the lowest
accuracy of 72.72% for Folds 2, 3, and 5. The average
train loss of 0.5434 and the validation loss of 0.3327
indicate that this model provides consistent, balanced
classification results. Details of the BiLSTM model
performance are presented in Table VI.

Meanwhile, the GRU model, a lighter, more efficient
RNN variant, also demonstrated highly competitive
classification performance. This model recorded an
average validation accuracy of 85.27%, with a consistent
peak accuracy of 90.90% on folds 1, 4, 6, 7, and 8. The
average validation loss was 0.3324, and the training loss
was 0.4430. Details of the GRU model's performance are
presented in Table VII.

E. Comparative Evaluation of the Performance of the
Three Classification Methods

Based on the classification experiment using three
models, namely LSTM, BiLSTM, and GRU, all models
showed the same average validation accuracy, which
was 85.27%. However, the difference in performance is
seen in the validation loss value of each model. The GRU
model achieved the lowest validation loss of 0.3324,
followed by BILSTM (0.3327), while LSTM had the
highest validation loss of 0.3702. Lower validation loss
values indicate better model generalization capabilities
to data that has never been seen before. The evaluation
results showed that LSTM, BiLSTM, and GRU achieved
an identical average validation accuracy of 85.27%. This
phenomenon is primarily attributed to the limited dataset
size (108 records), which may constrain the models’

ability to differentiate their classification boundaries
further. However, the differentiation becomes evident
when analyzing the validation loss, where the GRU
model achieved the lowest value of 0.3324. From a
structural perspective, GRU generalizes better under
small-data conditions because it has a simpler
architecture with fewer parameters (two gates: reset and
update) than LSTM (three gates: input, forget, and
output). This reduced complexity effectively lowers the
risk of overfitting on niche datasets while maintaining
high computational efficiency.

In addition, GRU has the smallest train loss (0.4430),
indicating a more efficient learning process than LSTM
and BiLSTM. Meanwhile, the LSTM showed
considerable fluctuations in validation accuracy across
folds, ranging from 72.72% to 90.90%, making its
performance less stable than the other two models. A
comparison of the three models’ performance is shown
in Table VIII.

Since all three models achieved the same average
validation accuracy, the best model should be selected
based on validation loss. Among the three models, GRU
achieved the lowest validation loss (0.3324), indicating
the best generalization. Therefore, GRU is selected as the
optimal model for this study to analyze news sentiment
related to crude oil price movements.

F. The Influence of News Sentiment on Oil Price
Movements

Table IX illustrates an example of a news ID that
represents sentiment toward crude oil price movements,
based on the positive and negative tendencies evident in
the headlines. Fig. 2, illustrates the movement of crude
oil prices from January to June 2025.

TABLE VI
BILSTM MODEL PERFORMANCE DETAILS

Fold Model Train Loss  Train Accuracy Validation Loss Validation Accuracy
Fold1 BILSTM 0.473789833  0.597938144 0.241936579 0.909090909
Fold2 BILSTM 0.424532443  0.865979381 0.540643811 0.727272727
Fold3 BILSTM 0.735482432  0.649484536 0.458764046 0.727272727
Fold4 BILSTM 0.444342684 0.75257732 0.234819517 0.909090909
Fold5 BILSTM 0.444201898  0.618556701 0.539542139 0.727272727
Fold6 BILSTM 0.444679517  0.762886598 0.255387992 0.909090909
Fold7 BILSTM 0.749955855  0.845360825 0.267784268 0.909090909
Fold8 BILSTM 0.772213668  0.824742268 0.253119469 0.909090909
Fold9 BILSTM 0.46092074 0.714285714 0.268002093 0.9
Fold 10 BIiLSTM 0.483994797  0.591836735 0.267083794 0.9
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TABLE VII
GRU MODEL PERFORMANCE DETAILS
Fold Model TrainlLoss Train Accuracy Validation Loss Validation Accuracy
Foldl GRU 0.50764896 0.659793814 0.222628921 0.909090909
Fold2 GRU 0.478482973  0.680412371 0.579877317 0.727272727
Fold3 GRU 0.406860895  0.783505155 0.548561037 0.727272727
Fold4 GRU 0.399253206  0.731958763 0.237587497 0.909090909
Fold5 GRU 0.370082065 0.87628866 0.52525574 0.727272727
Fold6 GRU 0.437579177  0.845360825 0.245883793 0.909090909
Fold7 GRU 0.435537558  0.659793814 0.248246014 0.909090909
Fold8 GRU 0.428713936  0.639175258 0.226381391 0.909090909
Fold9 GRU 0.381517645  0.846938776 0.245680422 0.9
Fold10 GRU 0.584780879  0.806122449 0.243907899 0.9
TABLE VIII
CLASSIFICATION MODEL PERFORMANCE COMPARISON
Average Train  Average Train Average Val Average Val
Model
Loss Accuracy Loss Accuracy
LSTM 0.5419 0.7858 0.3702 0.8527
GRU 0.4430 0.7529 0.3324 0.8527
BiLSTM 0.5434 0.7223 0.3327 0.8527
TABLE IX

THE FOLLOWING ID EXAMPLE INDICATES NEWS SENTIMENT TOWARDS CRUDE OIL PRICE MOVEMENTS

ID/No Date Close Price (USD) Headline Predicted Label
23 2025-01-31 60.14 U.S. inventorv drops. oil prices iump Positive
22 2025-01-30 72.68 OPEC cuts production boosting prices Positive
36 2025-02-19 60.44 Weak alobal demand pressures crude prices Positive
30 2025-02-11 71.71 U.S. inventory drops, oil prices jump Positive
49  2025-03-10 60.11 OPEC cuts production boosting prices Positive
50 2025-03-11 70.31 Analysts expect little change in oil prices Negative
72 2025-04-10 60.04 Oil markets await OPEC decision Positive
73 2025-04-11 73.52 Global demand shows strong recovery Negative
87 2025-05-01 74.98 Weak alobal demand pressures crude prices Positive
97 2025-05-15 72.82 U.S. inventory drops, oil prices jump Positive

Crude Oil WTI (USD/Bbl) 72.980
80
75
70
65
60
Jan Feb Mar Apr May Jun ©

Fig. 2 Graph of crude oil price movements for the period January to June 2025
Source: https://id.tradingeconomics.com/commaodity/crude-oil

248 Evaluation of News Sentiment ... Muhariya, A., Saputro, L.A., Ridhwanullah, D., 240 — 251


https://id.tradingeconomics.com/commodity/crude-oil

JUITA: Jurnal Informatika e-ISSN: 2579-8901; Vol. 14, Issue 2, July 2026

The classification results are shown in Table IX The
table contains five columns: ID/No., news date, crude oil
closing price (USD), news headline, and sentiment
classification result (positive or negative). For example,
the figure shows that news with 1D 73, published on 11
April 2025, is classified as having negative sentiment.
Referring to Fig. 2, which displays a graph of crude oil
price movements, a significant price decline was
observed in April, particularly from the beginning to the
middle of the month. This indicates a relationship
between the emergence of negative news and the
downward trend in crude oil prices. The relationship
between sentiment and price movements is further
validated by observing the alignment between negative
sentiment clusters and downward price trends. For
instance, a significant price decline in mid-April 2025
directly correlates with a predominance of negative
labels generated by the model. Although the current
study relies on descriptive correlation through visual
mapping of price graphs and sentiment labels, the
consistent validation accuracy of 85.27% across all three
models suggests meaningful pattern recognition. Future
Research should incorporate formal statistical tests, such
as the Granger causality test or Pearson correlation
coefficients, to quantify the strength of this relationship.

This information can serve as a reference for
observing market dynamics at any given time and as a
basis for analysis for investors or policymakers to
monitor crude oil price movements based on circulating
news sentiment. The price movement graph in Fig. 2
shows quite dynamic price fluctuations from January to
May 2025. The periodic price increases and decreases
are reflected in the graph’s clearly visible up-and-down
pattern.

Sentiment analysis of news headlines reveals that
market  perceptions of circulating information
significantly Influence crude oil price movements. There
is a correlation between sentiment dynamics and price
changes, with prices tending to rise after positive
sentiment appears and decline when negative sentiment
dominates. When positive sentiment prevails, crude oil
prices tend to increase, offering opportunities for
investors. Conversely, a predominance of negative
sentiment can trigger price declines, raising concerns in
the energy market.

By understanding this pattern and continuously
monitoring news sentiment, investors and market
analysts can make more informed decisions in response
to oil market dynamics. This highlights the importance
of incorporating sentiment analysis into a decision-
making strategy in the highly volatile world of energy
commodity trading and investment.

In comparison with prior Research, our finding that
media sentiment signals provide significant evidence of
oil price volatility [2]. Similarly, the observation that
incorporating sentiment scores improves forecasting
accuracy supports the findings in [5] regarding oil
futures. While previous large-scale studies often
emphasize the superiority of complex hybrid models,
this study demonstrates that even with a constrained
dataset, a BERT-enhanced GRU model can achieve a
competitive accuracy of 85.27%. This highlights the
effectiveness of contextual embedding (BERT) for
extracting high-quality features from short news
headlines, even when historical records are sparse.

This Research also faced several challenges,
particularly in processing English text. One major
obstacle was the use of informal language and slang in
news reports, which the classification model did not
always readily understand. Furthermore, despite the
availability of a large English corpus, variations in
writing style across news sources complicate
classification. As a result, the classification accuracy is
not yet optimal and can still be improved in subsequent
model development stages.

IV. CONCLUSION

This study demonstrates that sentiment in news
headlines is significantly related to crude oil price
movements. In the sentiment classification process, all
three models (LSTM, BiLSTM, and GRU) produced an
identical average validation accuracy of 85.27%.
However, based on the validation loss metric for
generalization performance, the GRU model is identified
as the optimal architecture, with a validation loss of
0.3324. These results indicate that, despite similar
accuracy, the GRU exhibits better generalization on
relatively small datasets. Consequently, GRU is highly
recommended for news-based sentiment analysis in the
crude oil market. This study has major constraints,
including a very limited dataset (108 records) and the use
of a general-domain sentiment model for automated
labelling, which may not fully capture the nuances of
financial and energy commodity markets. Subsequent
studies should utilize larger datasets over longer periods,
incorporate domain-specific financial sentiment models,
and apply modern transformer architectures to obtain
more representative and stable results.
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