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 The current paper proposes a hybrid framework based on the bidirectional 

encoder representations from transformers (BERT) and long short-term 

memory (LSTM) networks for classification tasks in three diverse domains: 

credit card fraud detection (CCFD), financial news sentiment analysis 

(FNSA), and biomedical paper abstract classification (BPAC). The model 

leverages the strengths of BERT regarding the learning of contextual 

embeddings and those of LSTM in capturing sequential dependencies, thus 

setting the new state-of-the-art performance in each of the three domains. In 

the CCFD use case, the model was able to achieve an accuracy of 99.11%, 

considerably outperforming all the competing systems in fraud transaction 

detection. The BERT-LSTM model achieved a performance of 96.74% for 

FNSA, improving significantly in sentiment analysis. Finally, the use case of 

BPAC was robust, with 88.42% accuracy, which clearly classified 

biomedical abstract sections correctly. It is evident from the findings that 

this framework generalizes to a wide range of tasks and hence is an 

adaptable but strong tool in combating challenges of cross-domain 

classification. 
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1. INTRODUCTION 

Machine learning (ML) and natural language processing (NLP) have become handy in tackling 

complex classification tasks across industries. Transformer-based models, such as bidirectional encoder 

representations from transformers (BERT), have taken a giant leap by enabling machines to grasp rich 

contextual information from textual data [1], [2]. Unlike older models that process text mainly in one 

direction, BERT’s bidirectional encoding extracts more value from how words relate within a sentence, 

powering tasks from sentiment analysis to named entity recognition and question answering [3]. Yet many 

problems also hinge on sequential dependencies and temporal patterns. Long short-term memory (LSTM) 

networks, with their ability to memorize longer and handle long-distance dependencies in sequential data, 

are well suited to such settings [4]. LSTMs remain strong options for time series forecasting, speech 

recognition, and sequence-based text processing, where ordering is essential for accurate prediction [5]. 

However, tasks requiring both deep contextual understanding and explicit sequence modeling call for 

models that analyze local context (words or sentences) while verifying ordered patterns. A hybrid 

approach that incorporates BERT and LSTM is therefore highly useful, exploiting their respective 

https://creativecommons.org/licenses/by-sa/4.0/
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strengths: BERT for contextual understanding and LSTM for sequential pattern capture, making the hybrid 

particularly effective for complex classification. The proposed work integrates BERT and LSTM into a 

unified framework and illustrates its application to three diverse domains: credit card fraud detection 

(CCFD), financial news sentiment analysis (FNSA), and biomedical paper abstract classification (BPAC). 

Each of these domains has different challenges: 

i) CCFD: fraud detection involves studying all transactional patterns over time. Traditional models rely on 

numeric data, but recent research underlines the importance of textual data, such as a merchant name or 

a category of transaction that has become a prime source for locating fraud [6]. By combining the best-

in-class contextual analysis of BERT and the ability of LSTM to process transaction sequences, there is 

considerable scope for improving fraud detection rates. 

ii) FNSA: in financial markets, news article-based sentiment analysis plays a very crucial role in predicting 

market trends and investor behaviors [7]. Financial news is filled with nuanced language, often very 

subtle in nature, where the sentiment may evolve throughout the article. A model that can capture 

meaning from context and flow, tracking sentiments through the article, provides deep insights far 

ahead of the sentiment carried by the market. 

iii) BPAC: demands the separation of scientific abstracts into pre-defined classes, like background, 

methods, results, and conclusions. These require relevant understanding in individual sections and how 

the structure unfolds within the document. The biomedical text is highly dense and technical; hence, 

closely related sections become tough to distinguish [8]. Such an integrated contextual and sequential 

information model will be quintessential for the task at hand. 

This work aims at showing that a BERT-LSTM hybrid framework generalizes across diverse 

domains to state-of-the-art performance in each, by factually marrying the strength of understanding meaning 

and context of words by BERT with the capacity of modeling sequences by LSTM. The proposed framework 

addresses unique challenges existing in each domain and hence offers a robust solution for cross-domain 

classification tasks. There are three key contributions of this paper: 

i) Unified framework: we hereby propose a hybrid BERT-LSTM model that we can apply in an enormous 

number of classification tasks; hence, being versatile over various domains. 

ii) Cross-domain evaluation: it performs an evaluation on the performance of the framework regarding 

three different usage scenarios; hence, it can be proved that the network will generalize well and will 

perform superiorly across different datasets and challenges. 

iii) State-of-the-art performance: including both contextual and sequential learning, we present an improved 

classification performance that provides a new benchmark for each of the studied domains. This work 

will demonstrate how such hybrid models can solve complex real-world problems by exploiting the 

strengths of diverse ML architectures. We perform extensive experimentation and evaluation showing 

how the unified framework provides improved classification performance, along with new avenues for 

the application of ML and NLP models in diverse fields. 

 

 

2. RELATED WORKS 

Recent advancements in ML have introduced innovative methodologies across CCFD, FNSA, and 

BPAC, each with unique challenges requiring specialized solutions. In CCFD, techniques target class 

imbalance and higher detection accuracy. Mienye and Sun [9] proposed a stacking ensemble of LSTM/gated 

recurrent unit (GRU) enhanced with synthetic minority oversampling technique (SMOTE) and edited nearest 

neighbor (ENN), achieving high sensitivity and specificity. Benchaji et al. [10] integrated attention with 

LSTM to emphasize critical transactions, improving accuracy. Tang and Liu [11] employed distributed 

transformer-based knowledge distillation with multi-teacher transfer to boost generalization across financial 

datasets. Convolutional neural networks (CNNs) have also proven effective for large-scale streams: Mizher 

and Nassif [12] reported high accuracy, while Ali et al. [13] combined SMOTE with CNN/artificial neural 

network (ANN)/LSTM, with CNNs yielding strong precision and recall. 

In FNSA, models are tailored to nuanced financial language that shapes market trends. Mishev et al. [14] 

found BiGRU+attention with word embeddings best for binary headline sentiment. Lim et al. [15] similarly 

highlighted BiGRU+attention for prioritizing salient text segments. Sohangir et al. [16] showed CNNs 

capture sentiment patterns on StockTwits, outperforming several baselines. Atzeni et al. [17] adopted a fine-

grained approach blending lexical and semantic features, surpassing 72% accuracy. Souma et al. [18] linked 

sentiment to stock price dynamics using LSTMs, and Im et al. [19] improved prediction by aggregating 

headline and content sentiment, underscoring the value of multi-source signals. 

BPAC focuses on sentence-level assignment within biomedical abstracts (e.g., background, 

methods, and results). Gonçalves et al. [20] used BiGRU with convolutional layers to capture dependencies, 

attaining strong precision, recall, and F1 score. Agibetov et al. [21] demonstrated FastText can deliver 
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competitive results with low compute on large corpora (PubMed 200k RCT). Banerjee et al. [22] leveraged 

transfer learning pretraining on biomedical text and fine-tuning on smaller targets to show cross-domain 

portability. Lamurias et al. [23] introduced BO-LSTM, using biomedical ontologies to enhance relation 

classification. Tang et al. [24] proposed a ConvLSTM with hierarchical attention for clinical relation 

extraction, handling class imbalance via structured sequences and attention-based pooling. 

These studies highlight the variety of ML approaches tailored for CCFD, FNSA, and BPAC, from 

ensemble methods and ontology-enhanced LSTM models in CCFD to embedding techniques and attention 

mechanisms in FNSA, and transfer learning and ontology integration in BPAC. By combining sequential 

processing, domain knowledge, hierarchical attention, and class balancing, these models have achieved 

substantial robustness and accuracy in domain-specific text classification, offering valuable methods and 

insights for handling and interpreting complex data across various fields. 
 

 

3. RESEARCH METHOD 

In this section, we present the development and evaluation of the proposed BERT–LSTM hybrid 

framework across three use cases. For each domain, textual (and, when applicable, numerical) inputs are 

processed to yield embeddings that capture rich semantic and temporal relationships. We detail the datasets, 

preprocessing pipelines, model architecture, training procedures, and evaluation metrics. Using a single 

framework, we demonstrate that the hybrid approach generalizes across domains and achieves state-of-the-art 

performance on tasks that require both contextual understanding and sequential modeling. 
 

3.1.  Dataset description and preprocessing 

The proposed BERT-LSTM hybrid framework was experimented with on three distinct datasets 

from different domains: CCFD, FNSA, and BPAC. Each dataset needed different preprocessing to feed them 

to the hybrid model. Details of each dataset and associated preprocessing are shown as follows. 
 

3.1.1. Credit card fraud detection  

For the CCFD task, a simulated dataset consisting of 1,296,675 transaction records from 1,000 

customers and 800 merchants was used. The dataset included both numerical and textual features, with only 

0.60% of the transactions being fraudulent [25]. Among the various features, this dataset includes transaction 

data, cardholder details, information about merchants, transaction amount, and a binary label on whether a 

transaction is fraudulent as presented in Table 1. 
 

 

Table 1. Dataset features 
Feature Description Type 

merchant The name of the merchant where the transaction occurred Textual 

category Transaction category (e.g., groceries, fuel) Textual 

amt Transaction amount Numeric 
is_fraud Binary label (0=legitimate, 1=fraudulent) Numeric 

 

 

The preprocessing steps are as follows: 

‒ Sampling: to reduce computational complexity, a random sample of 100,000 records was selected while 

maintaining the proportion of fraudulent transactions. 

‒ Handling missing data: for numerical features, missing values were imputed using mean/mode 

imputation [26]. Most frequent imputation was used for the categorical features. 

‒ Feature engineering: the 'merchant' and 'category' textual features were combined to form one feature 

that can be embedded by BERT. Numerical features, like 'amt', are scaled for consistency in model 

training. 

‒ Class balancing: only 0.60% of the transactions were fraudulent; therefore, SMOTE is applied to 

synthesize new samples for minority class in this problem, thus resolving the imbalanced dataset [27]. 

‒ Data splitting: the dataset was split into 80% for training and 20% for validation. 
 

3.1.2. Financial news sentiment analysis 

For the FNSA task, a curated dataset of financial news articles was compiled from three major news 

outlets: CNBC, Reuters, and The guardian. The data spans from 2017 to 2020, covering almost all kinds of 

economic conditions and market events [28]. After the concatenation of these three sources and excluding 

any rows with missing values, the final dataset consisted of 53,292 unique news articles. They were 

categorized as positive, neutral, or negative based on the overall tone and content of the news. Table 2 

present a dataset summary. 
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Table 2. Dataset summary 
Source Time period No. of articles Sentiment labels 

CNBC 2017-2020 3,080 Positive, neutral, negative 
Reuters 2017-2020 32,770 Positive, neutral, negative 

The guardian 2017-2020 17,800 Positive, neutral, negative 

 

 

The preprocessing steps are as follows:  

i) Text cleaning: 

‒ The text was converted to lowercase to ensure uniformity. 

‒ Punctuation and non-relevant symbols were removed to reduce noise in the data. 

‒ Common stopwords were filtered out using the natural language toolkit (NLTK) to focus on words that 

contribute to sentiment classification [29]. 

‒ Lemmatization was applied to convert words to their base forms, reducing redundancy and improving 

model generalization [30]. 

ii) Polarity analysis using valence aware dictionary and sentiment reasoner (VADER): 

‒ The cleaned text was then analyzed by VADER for polarity. VADER is very suitable for performing 

sentiment analysis of financial news articles because it measures the emotional valence of the text [31]. 

‒ Every news article received a compound score ranging from -1 (very negative) to +1 (very positive), 

reflecting whether articles were positive, neutral, or negative. 

iii) Tokenization: 

‒ The cleaned text was tokenized into sequences of words. 

‒ The BERT tokenizer was used to convert these word sequences into input tokens for the BERT model, 

ensuring consistent input lengths across all articles [32]. Padding and truncation were applied to adjust 

input length to a fixed size [33]. 

iv) Sentiment label encoding: 

‒ The sentiment scores from VADER were used to categorize the sentiment into three labels: positive 

(compound score>0), neutral (compound score=0), and negative (compound score<0). 

‒ These sentiment categories were then one-hot encoded for multi-class classification, assigning  

0 for negative, 1 for neutral, and 2 for positive sentiments. 

v) Data splitting: the dataset was divided into two parts: 80% for training and 20% for validation. Each 

sentiment category was proportionally represented in both the training and validation sets to ensure 

balanced performance across classes. 
 

3.1.3.  Biomedical paper abstract classification 

For the BPAC task, we utilized the PubMed 200k RCT dataset, which includes randomized 

controlled trial abstracts [34]. Each abstract sentence is categorized into one of five predefined sections: 

background, objective, methods, results, and conclusion. A subset of 500,000 sentences was used for 

training, ensuring computational efficiency while maintaining the dataset’s integrity. Table 3 present a 

dataset summary. 

 

 

Table 3. Dataset summary 
Source No. of sentences Label 

Background 45,200 0 

Objective 40,300 1 

Methods 165,000 2 
Results 174,300 3 

Conclusion 75,200 4 

 

 

The preprocessing steps are as follows:  

i) Sentence tokenization: sentences were tokenized at both the word and character levels using BERT's 

tokenizer. The text was padded or truncated to a maximum length of 256 tokens for consistency. 

ii) Label encoding: the sentence labels (background, objective, methods, results, conclusion) were one-hot 

encoded for multi-class classification. 

iii) Data splitting: the dataset was split into 80% for training and 20% for validation, ensuring that each 

sentence category was represented proportionally in both sets. 

Each preprocessing pipeline was tailored to domain-specific characteristics. For CCFD, numerical 

and textual features were processed jointly: missing values were imputed and class imbalance was mitigated 

using SMOTE. For FNSA, text preprocessing dominated: cleaning, tokenization, and sentiment label 
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encoding. For BPAC, the focus was sentence tokenization and encoding into predefined abstract categories. 

Table 4 summarizes the key preprocessing steps for all three use cases. 

 

 

Table 4. Summary of preprocessing steps for all datasets 
Step CCFD FNSA BPAC 

Sampling Random sample of 100,000 records Full dataset of 53,292 articles Subset of 500,000 sentences 

Text cleaning Combined textual features Lowercase, punctuation removal, 
and lemmatization 

Tokenization using BERT 

Handling 

missing data 

Mean/mode imputation N/A N/A 

Feature 

Engineering 

Textual features combined, 

numerical features normalized 

N/A Character-level tokenization 

Class 
balancing 

SMOTE applied N/A N/A 

Label encoding Binary (fraud/not fraud) One-hot encoding of sentiment One-hot encoding of 

sentence categories 

Data splitting 80/20 train-test split 80/20 train-test split 80/20 train-test split 

 

 

3.2.  Model architecture 

The BERT–LSTM hybrid framework targets high-complexity classification by integrating BERT’s 

contextual representations with LSTM’s sequence modeling. This combination yields a flexible and powerful 

architecture that generalizes across domains, unifying contextual and sequential learning to produce robust 

predictions over diverse tasks. Figure 1 illustrates the data flow through the framework and highlights its 

efficient processing pipeline for accurate inference. 

 

 

 
 

Figure 1. Data flow diagram of the BERT-LSTM framework for multi-domain classification tasks 

 

 

3.2.1. Bidirectional encoder representations from transformers 

BERT is a transformer-based model pre-trained at scale that forms bidirectional representations by 

jointly conditioning on left and right context across all layers [35]. This enables precise modeling of word 

meaning and inter-token relations in context, yielding strong performance across diverse NLP tasks [36]. 

Rooted in the Transformer encoder, BERT relies on self-attention, which allows the model to attend to 

different parts of the input sequence when making predictions [37]. 

i) Self-attention mechanism: for each token in the input sequence, BERT computes a weighted sum of the 

other tokens in the sequence. This is done using the self-attention mechanism, which is mathematically 

defined as: 

 

Attention(𝑄, 𝐾, 𝑉) = softmax (
𝑄𝐾𝑇

√𝑑𝑘
) 𝑉 (1) 

 

Where query (𝑄), key (𝐾), and value (𝑉) are projections of the input embeddings; 𝑑𝑘 is the dimension 

of the key vector; and the SoftMax function ensures the attention weights sum to 1, allowing the model 

to assign different weights to different tokens. 

ii) Multi-head attention: BERT uses multi-head attention to allow the model to focus on different parts of 

the sequence simultaneously. It runs multiple attention mechanisms in parallel, each focusing on 
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different aspects of the sequence [38]. The outputs of the attention heads are concatenated and projected 

to form the final attention output: 

 

MultiHead(𝑄, 𝐾, 𝑉) = Concat(head1, head2, … , headℎ)𝑊
𝑂 (2) 

 

where 𝑊𝑂 is the projection matrix for the concatenated heads. 

iii) Position encoding: since transformers do not have a built-in notion of word order, BERT adds positional 

encodings to the input embeddings to introduce word position information [39]. The positional 

encoding is added elementwise to the token embeddings: 

 

PE(pos, 2i) = sin (
pos

10000

2𝑖
𝑑model

) (3) 

 

PE(pos, 2i+1) = cos (
pos

10000

2𝑖
𝑑model

) (4) 

 

where 𝑝𝑜𝑠 is the position of the token and 𝑖 is the dimension. 

iv) Feed-forward neural network: after the self-attention layers, BERT uses a fully connected feed-forward 

neural network for each token [40]. This network is applied independently to each token and consists of 

two linear transformations with a ReLU activation: 

 

FFN(𝑥) = max(0, 𝑥𝑊1 + 𝑏1)𝑊2 + 𝑏2 (5) 

 

3.2.2. BERT’s application across domains 

Across the three target domains, BERT serves as a shared contextual text encoder whose inputs and 

integration with downstream components are adapted to each domain’s specific data characteristics and 

prediction objectives: 

i) CCFD: in the CCFD domain, BERT processes textual transaction attributes such as merchant names 

and category labels, that convey crucial signals about transactional behavior. The pre-trained model 

encodes these descriptions into contextual embeddings that capture subtle inter-word relations [41]. 

These embeddings are subsequently fused with numerical features (e.g., amount) for downstream 

classification, enabling the model to surface linguistic cues indicative of fraud. Figure 2 illustrates 

BERT’s role in the CCFD text-processing branch. 

ii) FNSA: in the FNSA domain, BERT is central to processing and contextualizing news articles. Inputs 

are tokenized with the pre-trained bert-base-uncased tokenizer, with padding/truncation to a fixed 

length (e.g., 128 tokens) for consistency [42]. The tokenized text is then passed through BERT to 

produce contextual embeddings that capture nuanced word relations via bidirectional context. These 

embeddings feed subsequent layers for sentiment classification, leveraging BERT’s deep semantic 

modeling to detect subtle, evolving cues in financial language [43]. Figure 3 illustrates BERT’s 

application to FNSA. 

iii) BPAC: in the BPAC domain, BERT models complex word relations in scientific prose. We integrate 

the pre-trained bert_base_en_uncased, fine-tuned on biomedical text to adapt to domain-specific 

vocabulary and structure. Abstract sentences are tokenized to a fixed length (256 tokens) with 

truncation/padding for consistency. BERT then produces contextual embeddings that represent each 

token relative to its sentence, enabling discrimination among sections such as background, methods, and 

results. The pooled output passes to a dense layer to refine representations; L2 regularization and 

dropout are applied to mitigate overfitting and improve generalization [44]. The refined embeddings 

support sentence-level classification into the predefined abstract categories. Figure 4 depicts BERT’s 

role in biomedical abstract classification. 

 

 

 
 

Figure 2. Application of BERT in the processing of textual features from the CCFD domain 
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Figure 3. Application of BERT in the processing of textual features from the FNSA domain 

 

 

 
 

Figure 4. Application of BERT in the processing of textual features from the BPAC domain 

 

 

3.2.3. Long short-term memory 

LSTMs are a type of recurrent neural network (RNN), designed to work on sequential data by 

maintaining internal memory states over time [45]. This is what allows the LSTM to learn long-range 

dependencies in the data, making it well suited for tasks demanding temporal sequences [46]. This LSTM 

contains three main gates, each responsible for controlling how information flows through the network: input, 

forget, and output gates [47]. These are defined as per the following equations: 

i) Forget gate: 

 

ft = σ(Wf ⋅ [ht−1, xt] + bf) (6) 

 

determines how much of the previous state h(t−1) is forgotten. 

ii) Input gate: 

 

it = σ(Wi ⋅ [ht−1, xt] + bi) (7) 

 

controls how much of the new information xt is written into the internal state. 

iii) Cell state update: 

 

Ct̃ = tanh(WC ⋅ [ht−1, xt] + bC) (8) 

 

Ct = ft ∗ Ct−1 + it ∗ Ct̃ (9) 

 

updates the cell state Ct based on the forget gate and input gate operations. 

iv) Output gate: 

 

ot = σ(Wo ⋅ [ht−1, xt] + bo) (10) 

 

Determines the output based on the current cell state: 

 

ht = ot × tanh(Ct) (11) 

 

This architecture enables the LSTM to capture information given extremely long sequences, which makes 

them very suitable for financial transaction data, time-dependent sentiment in news articles, and sentence 

classification in scientific abstracts. 

 

3.2.4. LSTM application across domains 

Across the three target domains, LSTM layers operate as the shared sequential backbone, ingesting 

BERT-derived embeddings and modeling temporal dependencies tailored to each task’s dynamics: 

i) CCFD: in the CCFD domain, BERT-derived embeddings feed an LSTM tailored for sequential data. 

Over transaction sequences, the LSTM learns temporal dependencies e.g., periodic merchant categories 

or timing patterns by maintaining internal states that retain past information critical for detecting 

evolving fraud. Order and timing cues thus become signals for identifying anomalous patterns [48]. The 

LSTM output is passed to a fully connected layer for binary classification (fraudulent vs. legitimate), 

with a sigmoid activation mapping to fraud likelihood. With BERT handling contextual transaction 
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details and LSTM modeling sequence dynamics, the hybrid yields stronger fraud detection. Figure 5 

illustrates the LSTM stage following BERT in the CCFD pipeline. 

ii) FNSA: in FNSA, the LSTM complements BERT by modeling temporal dependencies that contextual 

embeddings only partially capture. BERT’s article embeddings are fed to the LSTM, which tracks 

sentiment flow across the narrative e.g., shifts from neutral to positive or positive to negative by 

retaining information from earlier segments via its internal states [49]. The LSTM output is passed to a 

fully connected layer, with a SoftMax output over three classes (positive, neutral, and negative). This 

BERT–LSTM architecture exploits deep context and sequence dynamics, yielding more accurate 

sentiment classification for financial news. Figure 6 depicts the integration of LSTM with BERT for 

FNSA. 

iii) BPAC: in BPAC, LSTM augments BERT’s contextual embeddings by modeling sequential 

dependencies within and across abstract sentences. BERT produces token-level representations that 

serve as inputs to the LSTM, which captures temporal relations among words and preserves the 

narrative order of sentences, crucial in scientific prose where ordering conveys meaning [50].  

The LSTM output is combined with auxiliary features (e.g., sentence position) and passed to a dense 

layer with SoftMax to classify sentences into background, objective, methods, results, or conclusion. 

This BERT–LSTM integration better captures abstract structure for accurate section labeling. Figure 7 

illustrates the LSTM stage following BERT in the BPAC model. 
 

 

 
 

Figure 5. Application of LSTM for sequential processing in CCFD model 
 

 

 
 

Figure 6. Application of LSTM for sequential processing in FNSA model 
 

 

 
 

Figure 7. Application of LSTM for sequential processing in BPAC model 
 

 

3.2.2. Integration and output of BERT-LSTM hybrid model across domains 

In the final stage of our model architecture, we integrate outputs from BERT and LSTM layers to 

generate tailored, domain-specific predictions. This integration capitalizes on BERT’s strength in contextual 

understanding and LSTM’s ability to model sequential dependencies, creating a cohesive representation that 

boosts accuracy and reliability across tasks. This approach also makes the model adaptable to the unique 

demands of each domain. 

The integration process begins by merging the contextual embeddings generated by BERT with the 

sequential patterns captured by LSTM. This combination enables the model to understand both word 

meanings within context and the sequential relationships in the data crucial for tasks like fraud detection, 

sentiment analysis, and scientific text classification. Once the combined embeddings are formed, they pass 

through one or more fully connected (dense) layers. These layers refine the features extracted by BERT and 

LSTM, transforming them into compact, domain-specific representations. This dense layer aids the model in 

learning complex patterns and relationships within the data, enhancing classification accuracy. 

Each domain uses a unique output layer configuration and activation function to meet its specific 

classification requirements: 

‒ CCFD: a sigmoid activation function in the output layer produces a probability score between 0 and 1, 

indicating the likelihood of fraud. This score enables binary classification, flagging transactions as 

either fraudulent or legitimate based on risk. 
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‒ FNSA: a SoftMax activation function provides a probability distribution over three sentiment categories 

positive, neutral, and negative. The model classifies news articles based on the highest probability, 

enabling nuanced sentiment analysis for financial news. 

‒ BPAC: here, a SoftMax activation function generates probabilities across predefined abstract categories 

(methods, results, and conclusion). The model then classifies each sentence based on the highest 

probability, helping structure the abstract’s content. 

To achieve optimal learning and generalization, the model employs task-specific loss functions and 

optimization techniques: 

‒ Loss functions: for binary classification in CCFD, binary cross-entropy is used, providing precise 

measurements of model accuracy in fraud detection. For multi-class tasks in FNSA and BPAC, 

categorical cross-entropy is applied, evaluating the model’s effectiveness in sentiment and sentence 

classification [51]. 

‒ Optimization strategies: techniques like learning rate scheduling, dropout, and early stopping are 

integrated to minimize overfitting and enhance model performance [52]. Learning rate scheduling 

adjusts learning rates for efficient convergence, dropout mitigates overfitting by temporarily disabling 

neurons during training, and early stopping halts training when the validation loss ceases to improve, 

avoiding excessive model complexity. 

In summary, the integration and output phase merges BERT and LSTM outputs for domain-specific 

classifications, creating a robust and adaptable architecture. By unifying contextual and sequential learning, 

the model effectively serves various NLP tasks, achieving accurate, domain-tailored predictions across 

different applications. 

 

3.3.  Evaluation approach 

This section details the methods employed to evaluate the BERT-LSTM model's performance across 

multiple domains. Rigorous evaluation is essential to confirm the model's capability in tasks like fraud 

detection, sentiment analysis, and scientific text classification. By choosing appropriate evaluation metrics, 

designing experimental setups, and leveraging high-performance hardware, we ensure that the model’s 

results are both reliable and generalizable [53]. The performance of the BERT-LSTM model is evaluated 

using specific metrics tailored to each domain: 

‒ Accuracy measures the proportion of correct predictions among the total number of predictions. It is 

defined as: 

 

Accuracy =
Correct Predictions

Total Predictions
 (12) 

 

‒ Precision measures the proportion of true positive predictions among the total predicted positives. This 

metric is especially relevant in fraud detection to reduce false alarms. It is calculated as: 

 

Precision =
True Positives

True Positives+False Positives
 (13) 

 

‒ Recall or sensitivity, measures the proportion of true positive predictions among all actual positive 

instances. In fraud detection, high recall helps minimize missed fraudulent transactions. The formula is: 

 

Recall =
True Positives

True Positives+False Negatives
 (14) 

 

‒ The F1 score is the harmonic mean of precision and recall, providing a balanced metric for imbalanced 

datasets. It is especially useful in fraud detection and sentiment analysis, where precision and recall may 

need to be balanced. The formula is: 

 

F1 = 2 ×
Precision×Recall

Precision+Recall
 (15) 

 

Each metric serves a specific purpose across domains: for CCFD, metrics such as accuracy, 

precision, recall, and F1 score are used to measure the model’s effectiveness in distinguishing fraudulent 

from legitimate transactions, with a focus on minimizing false negatives. In FNSA, accuracy, precision, 

recall, and F1 score are employed to evaluate sentiment classification accuracy across positive, neutral, and 

negative sentiments. For BPAC, multi-class classification metrics, including accuracy, recall, and F1 score, 

are essential for assessing the model’s ability to correctly categorize sentences into abstract sections. 
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4. RESULTS AND DISCUSSION 

This section presents the performance results of the BERT-LSTM model over three domains: 

CCFD, FNSA, and BPAC. We discuss these results in the context of the previously outlined evaluation 

metrics and provide interpretations about the strengths and limitations of the model. On the domain of CCFD, 

fraud detection by the BERT-LSTM model outperformed other models with an accuracy of 99.11%, a 

precision of 98.27%, a recall of 100%, and an F1 score of 99.13%. These results are shown in Table 5,  

which reflects that the model was highly accurate, in fact, perfect in recall for fraudulent transaction 

detection, which means all fraud cases were correctly identified. 
 
 

Table 5. Performance metrics of the BERT-LSTM hybrid model in CCFD domain 
Metric Value 

Accuracy 0.9911 
Precision 0.9827 

Recall 

F1 score 

1.0000 

0.9913 

 
 

Figure 8 gives a breakdown of the performance for each class in detail. Based on this value, for the 

class 'Non-fraud', the model gave a result as precision-100%, F1 score-0.99, and correctly predicted as 

19,758. Whereas the fraud class had a precision and recall of 98% and 100%, respectively, with 20,003 

instances in the support set, hence proved reliable on various occasions with minimum false negatives. This 

is important because, essentially in interpretation, the model's high recall for fraud cases means it missed no 

fraudulent transactions. The high F1 score and precision of both classes speak to the model's ability to 

correctly classify transactions with extremely minimal error. Contextual embeddings from BERT allow for a 

better representation of nuanced patterns in transaction details compared to traditional models. Its LSTM 

component then captures temporal dependencies of sequences in these transactions. However, there is always 

a trade-off between precision and recall-the very high recall must trigger off a small number of false positives. 
 

 

 
 

Figure 8. Classification report of the BERT-LSTM hybrid model in CCFD domain 
 
 

The BERT-LSTM model for sentiment classification in FNSA achieved an overall accuracy of 

96.74%, precision of 97.09%, recall of 96.64%, and an F1 score of 96.67%, as depicted in Table 6.  

This model obtains strong results across the sentiment categories such as negative, neutral, and positive, as 

depicted by the per-class metrics in Figure 9. Its performance is exceptionally fine in determining neutral 

sentiments maybe because there will be clearer linguistic markers in the financial news dataset. In summary, 

high precision and F1 scores within the sentiment classes indicate that BERT-LSTM performs quite well in 

capturing subtle sentiment cues in financial text. The high performance of the Neutral class strengthens the 

belief that BERT embeddings handle the complex vocabulary and expressions in financial news effectively, 

while LSTM tackles the sequence of sentiment flow within the text. The relatively lower performance of the 

model in Positive sentiment detection can thus be attributed to the possibility that certain features of its 

language might have overlapped with those in the neutral class and, therefore, may require more fine-tuning 

of the BERT embeddings on domain-specific financial corpora. In the domain of BPAC, the model achieved 

88.42% accuracy, 88.53% precision, 88.42% recall, and an F1 score of 88.45%. Figure 10 presents detailed 

metrics for each abstract section; indeed, the performance is varied. 
 
 

Table 6. Performance metrics of the BERT-LSTM hybrid model in FNSA 
Metric Value 

Accuracy 0.9674 
Precision 0.9709 

Recall 

F1 score 

0.9664 

0.9667 
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Figure 9. Classification report of the BERT-LSTM Hybrid Model in FNSA domain 

 

 

 
 

Figure 10. Classification report of the BERT-LSTM hybrid model in BPAC domain 

 

 

As an interpretation, very high performance of the model in methods and results sections manifests 

its capabilities in capturing the distinct scientific terminologies within these categories. However, the poor 

scores in background and objective indicate that there were difficulties in these classes due to the overlapping 

between them. These contextual embeddings from BERT, underlined with sequential processing by LSTM, 

enabled the identification of the sections effectively, but further improvements could have been achieved 

using features such as the sentence position of the abstract. 

Compared with traditional methods in multi-domain applications, all the results show great 

improvements in both classification accuracy and robustness. On CCFD, the recall of the single model of 

BERT-LSTM outperforms that of others in general accuracy, while the stacking ensemble including 

LSTM and GRU by Mienye and Sun [9] achieved only a 90.5% recall. For example, the approach by 

Mishev et al. [14] combining LSTM and UMAP achieved an accuracy of 96.7% with a recall of 91.9%, 

compared to 93.5% accuracy achieved with the use of CNN by Mizher and Nassif [12]. By combining 

BERT with its contextual embeddings, the BERT-LSTM model gives more enhanced representations of 

transaction features, which thus now enhances fraud detection. For instance, in FNSA, the BERT-LSTM 

model outperformed previous approaches, including the CNN model proposed by Sohangir et al. [16], 

with an accuracy of 90.93% and F1 score of 90.86%. Similarly, while models such as the 

BiGRU+attention with GloVe embeddings proposed by Mishev et al. [14] and the bidirectional LSTM 

encoder-decoder by Lim et al. [19] were competitive, they lacked deep context sensitivity, which  

BERT-LSTM is introducing into sentiment analysis. This is most evident in neutral sentiment 

classification, where traditional models often struggle with complex financial terminology. By pairing 

BERT’s deep contextual representations with LSTM’s sequential processing, the BERT–LSTM hybrid 

more accurately captures sentiment shifts across financial topics. For BPAC, the model attains an average 

F1 score of 88.45%, outperforming traditional LSTM-based systems that fail to separate overlapping 

sections in scientific abstracts. While some methods excel within a single domain, elevating BERT’s 

context-aware embeddings through LSTM’s sequence modeling improves adaptability and accuracy across 

diverse textual structures. 

This comparison highlights the contribution of the BERT–LSTM architecture. BERT embeddings 

provide rich, context-sensitive representations that raise performance across domains, while LSTM enables 

learning from temporal/structured inputs essential to fraud detection, sentiment analysis, and scientific text 

segmentation. The model’s cross-domain versatility reflects the synergy between BERT’s contextual depth 

and LSTM’s sequence handling. Limitations remain: in CCFD, balancing precision and recall is difficult 

when fraudulent transactions closely resemble legitimate ones; in FNSA, positive sentiment detection shows 

slight degradation, suggesting domain-specific tuning; in BPAC, overlap between background and objective 

hampers separation. Finally, the approach is computationally demanding, raising scalability concerns for 

real-time deployment in resource-constrained settings. 
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5. CONCLUSION 

This work presents a unified BERT-LSTM hybrid framework that has obtained state-of-the-art 

performance in complex classification tasks with multi-domain applications. Experiments are conducted on 

the CCFD, FNSA, and BPAC datasets to highlight this. Our proposed framework unifies these by 

incorporating deep contextual embeddings from BERT with the sequential processing in LSTM to better 

capture complex relationships among data. This enhances the performance on state-of-the-art methods that 

capture subtle categories, such as the distinction between legitimate versus fraudulent transactions, sentiment 

in financial language, and the structural segments within scientific abstracts. The flexibility and power of this 

architecture can be seen in these results. In CCFD, the model showed better accuracy and recall, 

underpinning its capability of detecting subtle fraud patterns without compromising balanced performance in 

classifying valid transactions. The unified framework FNSA did exceptionally well in recognizing complex 

financial sentiments, especially neutral sentiment, where previous models many times go off the mark.  

The model yielded an outstanding F1 score in BPAC by accurately separating overlapping abstract sections, 

evidence of its capability to process both contextual and sequential information. This all-in-one framework 

sets a strong basis for tasks needing the comprehension of linguistic input, added with temporally specified 

information, and can be adapted easily to various domains in NLP. While performing, there remain a few 

challenges. In CCFD, the challenge is to get a good balance between precision and recall in detecting 

fraudulent patterns, which resemble similar characteristics to ordinary transactions. For FNSA, model 

performance results on positive sentiment detection indicate domain-specific tuning is needed. In BPAC, 

background/objective cannot easily be differentiated due to the content overlap. Besides, this might pose 

scalability challenges when considering real-time applications, particularly in resource-constrained 

environments, due to the high computational complexity of the model BERT-LSTM. In summary, this 

suggests that the mutual benefit of contextual depth from BERT and sequence processing strength from 

LSTM in an integrated framework results in an effective performance of the BERT-LSTM model across 

many domains. It thus brings invaluable insights into the development of classification models across a wide 

array of fields, showing how hybrid models can improve both accuracy and robustness and be more adaptive 

in complex NLP tasks across multi-domain applications. 
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