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This research evaluates a number of hybrid recurrent neural network (RNN)
architectures for classifying sequential sentences in biomedical abstracts.
The architectures include long short-term memory (LSTM), bidirectional
LSTM (BI-LSTM), gated recurrent unit (GRU), and bidirectional GRU (BI-
GRU) models, all of which are combined with the universal sentence
encoder (USE). The investigation assesses their efficacy in categorizing
sentences into predefined classes: background, objective, method, result, and
conclusion. Each RNN variant is used with the pre-trained USE as word
embeddings to find complex sequential relationships in biomedical text.
Results demonstrate the adaptability and effectiveness of these hybrid
architectures in discerning diverse sentence functions. This research
addresses the need for improved literature comprehension in biomedicine by
employing automated sentence classification techniques, highlighting the
significance of advanced hybrid algorithms in enhancing text classification

methodologies within biomedical research.
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1. INTRODUCTION

The exponential surge in biomedical literature presents a significant challenge in efficiently
extracting crucial information from scientific articles. While the body of biomedical research grows, many
abstracts lack a structured semantic framework, hindering effective data retrieval, and comprehension.
Current solutions, including various natural language processing (NLP) techniques, have been explored to
address these challenges. However, these approaches often fall short in accurately segmenting and classifying
the nuanced information contained within biomedical paper abstracts, due to limitations in understanding
context and managing the complexity of scientific language.

In response to these challenges, this research aims to revolutionize the comprehension and
accessibility of biomedical paper abstracts through the application of cutting-edge NLP techniques.
Leveraging the PubMed 200k randomized controlled trial (RCT) dataset, which comprises 2.3 million
phrases from approximately 200,000 RCT abstracts, our study introduces an innovative approach. Each
sentence in this dataset is mapped to specific abstract functions: background, objective, method, result, or
conclusion, presenting a unique opportunity to enhance information retrieval processes.
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The core of our research employs a variety of advanced recurrent neural network (RNN)
architectures, including long short-term memory (LSTM), bidirectional LSTM (BI-LSTM), gated recurrent
unit (GRU), and bidirectional GRU (BI-GRU), and hybrid models incorporating the universal sentence
encoder (USE). These models represent the forefront of modern technology in parsing and understanding
complex text structures. By fine-tuning TensorFlow-based models for text segmentation, our project seeks
not only to improve the readability and accessibility of scientific content but also to introduce a novel,
efficient method for literature review.

The primary goal of this study is to harness the potential of sophisticated RNN technology to
categorize abstracts into their respective sections accurately. This endeavor aims to facilitate a deeper
understanding and easier access to biomedical literature, thereby addressing the critical gap in current text
mining methodologies. Through this research, we aspire to set a new standard for information retrieval in the
biomedical domain, making significant strides beyond traditional approaches. To guide the reader, the paper is
structured as follows: section 2 provides a comprehensive review of the literature, outlining the current state of
NLP applications in biomedical text analysis and identifying gaps our study aims to fill. Section 3 details the
research method, including the dataset, model architectures, and training procedures, ensuring reproducibility of
our experiments. Section 4 presents the results of our models, followed by a discussion in section 5, where we
interpret these findings within the broader context of NLP and biomedical research. Finally, section 6 concludes
the paper, summarizing our contributions and suggesting directions for future research.

2. LITERATURE REVIEW

In comparison to prior works, this study introduces a unique emphasis on text segmentation within
biomedical literature. While Jiang and Fan [1] redefined the sentence classification problem using a
bidirectional encoder representation from transformers (BERT-based) reading comprehension model and
Kesiku et al. [2] conducted a systematic review addressing challenges in medical text classification, our
focus is on the segmentation of abstracts using a spectrum of advanced RNN architectures. Additionally, the
study by Naseem et al. [3] delved into active learning techniques for biomedical text mining, showcasing the
potential of reducing the cost of manual labeling. Our research complements this perspective by offering a
novel approach centered on text segmentation, potentially addressing challenges in information retrieval
more comprehensively.

As shown by Lee et al. [4], Zhang et al. [5], the adaptation of pre-trained language models like
BERT for biomedical text mining offers useful insights into improving understanding of complex biomedical
texts. Building on this foundation, our study explores the application of advanced RNNSs, including hybrid
models, in sequential sentence classification for biomedical paper abstracts, offering a nuanced approach to
the challenges in the field. The benchmark study by Chen et al. [6] on biomedical text generation and mining
using ChatGPT highlights the broader exploration of NLP technologies. Our study contributes to this
exploration by focusing on the specific task of text segmentation in biomedical abstracts, providing a
complementary perspective on leveraging advanced computational structures for enhancing the
understanding of biomedical literature.

The comparative analysis of text classification approaches in electronic health records (EHRs) by
Mascio [7] brings attention to the unique challenges in medical language and lexicon. In contrast, our study
extends this discussion by exploring text segmentation in biomedical abstracts, offering insights into how
tailored, task-specific approaches can contribute to overcoming challenges in information extraction. Flores
and Verschae [8] presented a generic, semi-supervised, and active learning framework tailored for
biomedical text classification. The framework used semi-supervised techniques to use samples that weren't
labeled, which could have made the data more representative and the classifier more accurate at telling the
difference between classes. The approach combined manually annotated examples from active learning with
pseudo-labels obtained from a trained classifier. The evaluation of three biomedical datasets related to
obesity and smoking habits demonstrated that the framework reduced manual labeling efforts by 10%
without compromising classifier performance.

Lastly, Widyantoro et al. [9] proposed a multiclass-based classification strategy for rhetorical
sentence categorization in scientific papers. The approach employed a multi-classifier method to classify
rhetorical sentences, recognizing that no single classifier excels at categorizing all rhetorical sentence types.
Evaluation of sixteen rhetorical categories from the ACL-anthology reference corpus (ACL-ARC) paper
collection demonstrated that this multiclass-based approach significantly enhances classification performance
compared to multi-label classifiers.
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3. METHOD

The method section plays a crucial role in explaining a carefully designed framework and
procedural tactics to address the task of classifying sentences in a sequential manner in the abstracts of
biomedical papers. In this section, we provide a thorough description of our dataset, which includes the
PubMed 200k RCT dataset. We also employ rigorous preprocessing approaches to enhance the data's
appropriateness for identifying biomedical abstracts.

Our method primarily focuses on carefully choosing advanced RNN architectures, namely LSTM,
Bi-LSTM, GRU, and BI-GRU, enhanced with USE. This merger enables our models to effectively capture
sequential linkages within biomedical language, effectively tackling the complicated problem of categorizing
sentences into predetermined classifications. Furthermore, we elaborate on the complex arrangements
specifically designed for dividing text into segments within models based on TensorFlow. The hybrid models
incorporate LSTM, Bi-LSTM, GRU, BI-GRU, and the USE. These models are trained meticulously using the
Adam optimizer and the categorical cross-entropy loss function.

This section highlights the importance of using these sophisticated models to improve the
categorization of sequential information in biomedical literature, which helps to make the process of finding
relevant data in biomedical research more efficient. Illustrated in Figure 1, our proposed framework
architecture for classifying biomedical paper abstracts visually represents the intricate structure and
components of the model. Additionally, it provides a comprehensive overview for researchers and
practitioners, aiding in a better understanding of the proposed classification framework.

" DATA PREPARATION | [ MODEL \ [ TRANINGAND
AND TEXT : 1 ARCHITECTURES : : EVALUATION :
VECTORIZATION | : ! ! !
I | 1 I I Results and
Set up the initial dataset : : : : : Analyze model
! 1| Data Branch (LSTM / Bi- : : : performance,
O : : LSTM/ GRU/BI-GRU) |, I| Train Hybrid Modelson | compare different
Vocabulary Extraction ! 1 ! ! Training Data using ! models, and
DATASET : : Information Branch : I:> : TensorFlow and Keras : gener,ate
Biomedical | ' L | - J : classification
Abstracts RO e (et : l— : : 1 ith ke
| : Feature Branch, 1 1 Evaluate The Hybrid | EEROI “f't ¥
R : | Combination and : : Models Performance : metrics.
Numeric Value Masking | : Concatenation | i| using Different Metrics |, \/—
R N\
Text Vectorization and : : : : :
Embedding ,' I\ : '\ "
N 7 N , N ’

Figure 1. Proposed framework architecture for biomedical paper abstracts classification

3.1. Data preprocessing and text vectorization

We initiated the process by loading the dataset, which is the PubMed 200k RCT, a comprehensive
collection comprising 2.3 million phrases extracted from around 200,000 abstracts of RCTs [10]. To facilitate
seamless integration into our models, we meticulously employed preprocessing techniques [11]. Initially, we
replaced tabs with spaces and removed extraneous newline characters, ensuring uniformity in the dataset's
structure. Following this, we strategically handled punctuation, distinguishing between periods and other
punctuation marks. This nuanced approach aimed to preserve the semantic meaning encoded in the text while
preparing the data for subsequent model input. To further enhance the dataset's cleanliness, we implemented
a masking strategy for numerical values. This involved replacing numeric tokens with a standardized "@"
symbol, mitigating potential disruptions to the model's understanding of sequential patterns. Beyond mere
token-level preprocessing, we conducted an in-depth exploration of the dataset's characteristics. This
included analyzing the distribution of abstract lengths and character sequences, providing valuable insights
into the data's structural nuances. These insights played a pivotal role in shaping subsequent decisions related
to model configuration.

The results of this in-depth exploration were utilized to tailor the preprocessing and modeling
strategies to the specific nuances of the biomedical abstracts. Understanding the distribution of abstract
lengths and character sequences informed the configuration of our text vectorization and embedding
processes, ensuring that our models were optimized for the actual content structure encountered within the
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dataset. This preparation was crucial for the subsequent application of text vectorization and embedding
processes. Using TensorFlow's “TextVectorization™ layer, we transformed the refined text into numerical
sequences at both character and word levels, adjusting sequence lengths based on the insights gained from
the dataset analysis. Character-level vectorization identified unique character identifiers, while word-level
vectorization processed textual content. "Embedding’ layers then converted these sequences into dense, 256-
dimensional vectors, capturing semantic details at multiple linguistic levels. This comprehensive approach,
informed by our initial dataset analysis, enabled our hybrid models to classify sentences with high accuracy
into categories like background, objective, method, result, and conclusion. The strategic use of dataset
characteristics, as presented in Table 1, laid a robust foundation for the effective implementation and
performance evaluation of our advanced RNN architectures and hybrid models, ensuring the dataset's
alignment with the requirements of sequential sentence classification in biomedical research [12], [13].

Table 1. Example of the preprocessed dataset

Text Label Id Order
This paper describes the design and evaluation... Background 24491034 2
The program is based on self-efficacy theory... Methods 24491034 5
The educational program was rated highly... Results 16042514 10
In postmenopausal women with low bone density... Conclusions 1922205 11
Bone loss at the median forearm site was... Results 1922205 8

3.2. Sequential sentence classification

The sequential sentence classification emerges as a pivotal task within the realm of NLP,
particularly in domains like biomedical research. This method involves the systematic categorization of
individual phrases within a text based on their contextual roles or functions [14]. The significance lies in its
ability to organize data within seemingly chaotic textual contexts, such as summaries or essays, by assigning
distinct labels to sentences and elucidating their positions within the hierarchical structure of the text [15].
This approach empowers a more nuanced understanding of written content, facilitating targeted examination
and the extraction of crucial information. In domains like medicine and healthcare, sequential sentence
classification proves indispensable for distilling intricate insights from scientific publications. It streamlines
the comprehension process and expedites knowledge access. The categorization technique plays a pivotal
role in information extraction by discerning the sequential roles of phrases, contributing to advancements in
various disciplines that heavily rely on organized textual analysis [16], [17]. Its impact reverberates across
fields, enhancing the efficiency of extracting meaningful insights from vast volumes of text.

3.3. Recurrent neural networks

A RNN stands out as a specialized variant of artificial neural networks uniquely designed to handle
sequential data, demonstrating exceptional proficiency in tasks involving language translation, NLP, and time
series analysis [18]. Unlike conventional neural networks, RNNs possess an inherent memory mechanism
that enables them to consider preceding inputs, proving invaluable in tasks requiring contextual
comprehension. The operational principle of RNNs involves iteratively using outputs from previous instances
as inputs, coupled with the exchange of parameters within a sequence to amplify efficiency [19]. While
RNNs excel at capturing short-term dependencies, challenges arise when dealing with long-range
dependencies due to issues like vanishing or exploding gradients [20]. Despite these challenges, RNNs
remain foundational in the domain of deep learning, playing a pivotal role in representing diverse sequential
data. Their utility extends to comprehending temporal patterns and structures, establishing them as
indispensable tools for tasks demanding a nuanced understanding of sequential information. In applications
such as biomedical abstract classification, where contextual understanding is paramount, leveraging the
capabilities of RNNs becomes integral to achieving accurate and meaningful results.
a. LSTMandBI-LSTM

LSTM is a specialized variant of RNNs designed to overcome the challenges associated with
capturing long-range dependencies in sequential data [21]. LSTMs introduce memory cells and gating
mechanisms, allowing them to selectively retain and forget information over extended sequences. This
architecture proves highly effective in handling biomedical abstracts, where understanding the sequential
relationships among sentences is crucial [22]. In our study, LSTM models were employed to grasp the
nuanced contextual dependencies within medical text, demonstrating their proficiency in classifying
sentences into predefined categories.

BI-LSTM further enhances the capabilities of LSTM by processing the input data in both forward
and backward directions [23]. This bidirectional approach enables the model to capture contextual
information from both preceding and succeeding sentences, providing a more comprehensive understanding
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of the sequential structure [24]. In our investigation, BI-LSTM models played a pivotal role in improving the
sequential sentence classification task, allowing for a more thorough analysis of the hierarchical relationships
within biomedical abstracts. It consists of memory cells and gating mechanisms, which are expressed
mathematically as (1) to (6):

fe = o(Wy - [he_q, %] + by) ()
ie = o(W; - [he_y, %] + by) )
or = (W, - [he—1, %] + by) ®)
& = tanh(W, - [he_y, x.] + b.) (4)
=fiOc 1+ O (5)
h: = o, O tanh(c;) (6)

where f;, i;, o, are the forget, input, and output gates, respectively, ¢; is the candidate cell state, ¢, is the cell
state, and h; is the hidden state.

The BI-LSTM processes input data in both forward and backward directions. The forward and
backward hidden states are concatenated, providing a more comprehensive understanding of sequential
structures [25]. The mathematical representation of BI-LSTM involves two sets of LSTM computations,
capturing information from past (h.(—)) and future (h, (<)) contexts.

he = [he (=), he(<)] (7

b. GRU and BI-GRU

The GRU represents another variant of RNNs designed for sequential data processing. Similar to
LSTMs, GRUs incorporate gating mechanisms, facilitating the retention and updating of information over
sequential inputs [26], [27]. In our study, GRU models were applied to biomedical abstracts, demonstrating
their efficiency in capturing short and long-term dependencies within the text.

Introducing the BI-GRU further enhances the capabilities of GRU by processing data in both
directions. This bidirectional approach, similar to BI-LSTM, allows the model to capture contextual
information from both past and future sentences [28]. In the context of our research, BI-GRU models proved
valuable in enhancing the comprehension of sequential relationships within biomedical literature,
contributing to the accurate classification of sentences into predefined categories. Mathematically, GRU
operations include:

z = o(Wy - [he—1, %)) ®)
e = oWy - [he—q, xc]) ©9)
hy = tanh(W - [r; © hy_q, x,]) (10)
he=(1—-2)Qhiy+2z,Oh (12)

where z, and r, are update and reset gates, respectively, and A, is the candidate hidden state.

BI-GRU extends GRU by processing data in both directions, enhancing the model's ability to
capture contextual information [29]. The mathematical formulation is analogous to BI-LSTM, incorporating
forward and backward GRU computations.

3.4. Universal sentence encoder

USE stands as a significant advancement in the field of NLP, offering a powerful and adaptable
mechanism for transforming sentences into vector representations of predetermined dimensions [30].
Developed by Google, USE has shown remarkable effectiveness across various NLP tasks, including text
classification, semantic similarity assessment, and sentiment analysis. At its core, the encoder employs a
transformer-based architecture, renowned for its ability to discern intricate connections and nuances within
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sentences [31], [32]. This capability enables the generation of contextually rich embeddings, providing a
deep understanding of sentence meanings.

One of the key strengths of USE is its pre-training on a diverse array of data sources, which has
significantly bolstered its comprehension across multiple languages and domains. Such extensive pre-training
allows USE to capture the essence of texts, from their broad themes down to their subtlest details [33]. This
feature is particularly beneficial in tasks demanding a nuanced grasp of context, as USE can adeptly handle
sentences of varying lengths without compromising on the semantic depth [34]. In this study, we integrate the
USE as a pre-trained word embedding model within various RNN architectures, including LSTM, BI-LSTM,
GRU, and BI-GRU, to refine the classification of sequential sentence structures in biomedical paper
abstracts. This integration employs a novel approach, as demonstrated in the provided code, where the USE
acts as a pivotal layer within an expansive hybrid network configuration.

Our method establishes three distinct branches within the hybrid model: a data branch that processes
words through text vectorization and embedding followed by RNN layers; an information branch utilizing the
USE to extract high-level semantic embeddings from entire sentences; and a feature branch that adds an
analytical dimension based on sentence sequencing. These branches converge, combining the deep semantic
embeddings from the USE with the sequential processing capabilities of different RNNSs, resulting in a
powerful model capable of categorizing sentences into predefined classifications such as background,
objective, method, result, and conclusion. By amalgamating the outputs from the token model, order model,
and sentence model—each offering unique insights into textual structure and meaning—the approach
achieves a synergistic improvement in classification accuracy. This innovative amalgamation highlights the
study's application of advanced hybrid algorithms, blending the semantic analysis depth provided by USE
with the dynamic sequence modeling of various RNNs to address the complex challenge of biomedical
literature comprehension.

3.5. Hybrid model architecture

Our innovative hybrid model, strategically combines advanced technologies to address the
complexities of sequential sentence classification within biomedical paper abstracts. The architecture
comprises three key branches: a data branch responsible for processing text data at the sentence level using
text vectorization, embedding, and different RNNs, an information branch for capturing contextual
information using USE, and a feature branch handling numerical data.

a. Data branch
— Input: the model takes sentence data as input, processed through text vectorization and embedding
layers to capture semantic information.
— Processing: utilizing LSTM/Bi-LSTM/GRU/BI-GRU, the model captures sequential dependencies
and nuanced patterns within the embedded text data.
— Output: the output from this branch serves as a foundation for understanding the sequential structure
of biomedical abstracts.
b. Information branch
— Input: this branch receives additional text data and utilizes the pre-trained USE to extract contextual
information efficiently.
— Processing: dense layers refine features, and dropout layers prevent overfitting, contributing to the
model's comprehension of the abstracts' contextual nuances.
— Output: the output from this branch enhances the model's ability to grasp the broader context of
biomedical information.
c. Feature branch
— Input: the numerical branch processes additional numerical data, contributing to a holistic
understanding of abstracts.
— Processing: dense layers handle numerical information, enhancing the model's capability to consider
diverse data types.
— Output: the output from this branch enriches the overall feature set, aiding in comprehensive
sequential sentence classification.

As shown in Figure 2, our proposed hybrid model architecture incorporates three key branches that
collectively contribute to the model's nuanced understanding of sequential information within biomedical
literature. Further dense layers refine features, and dropout layers prevent overfitting, ensuring an effective
fusion of information. The output layer, employing a softmax activation function, classifies sentences into
predefined categories such as background, objective, method, result, and conclusion [35]. The hybrid model
is trained using the Adam optimizer and categorical cross-entropy loss function, providing a sophisticated
solution for efficient text segmentation and classification [36], [37].

Hybrid RNNs and USE for enhanced sequential sentence classification in ... (Oussama Ndama)



3340 O3 ISSN: 2302-9285

AY Y
[« DataBranch: 1 f = Combination: !
| — |
1 1
: « Input: Sentence data 1 _": » Input: Outputs from Data, Information, and Feature branches 1
1 » Processing: Text Vectorization -> Embedding -» RNNs 1 I » Processing: Concatenation |
'\ = Qutput: Features capturing sequential dependencies : m = Qutput: Comprehensive representation ,'
T - - e - A L -
T T T T T T T T T T TSI ETEEETEEE SIS~ N 1
+ Information Branch: 1 P N
! * Dense Layers and Dropout:
» Input: Additional text data

]

1
1 1
* Processing. USE -= Dense layers - Dropout ! 1 + Further refining features and preventing overfitting
» Qutput: Enhanced contextual information ! '\

N e e e e e e e c e cm e m e ———— - e m e e mm e m e — =
2 i [
| Feature Branch: ‘I P e B .
1 | ! «Output Layer: :
: « Input: Numerical data I 1 1
1 *+ Processing: Dense layers : ! * Softmax activation function for classifying sentences into 1
v = Output: Enriched feature set | : predefined categories |
N e e e e e e e e e e e - “ U

Figure 2. The hybrid model architecture

4.  TRAINING AND EVALUATION

In our study, aimed at evaluating the performance of hybrid models for sequential sentence
classification in biomedical paper abstracts, we meticulously divided our dataset into training, validation, and
test sets, adopting a balanced distribution that facilitates both comprehensive learning and unbiased
evaluation. Initially, the dataset underwent an 80-20 split, designating 80% to training and 20% to testing. To
further enhance the training process and allow for precise hyperparameter tuning, we subdivided the training
set with an additional 75-25 split, resulting in a final distribution of 60% for training, 20% for validation, and
20% for testing.

To evaluate our models, we employ key metrics, including precision, recall, F1 score, and accuracy.
These metrics play a pivotal role in assessing the models' effectiveness across designated categories such as
background, objective, method, result, and conclusion. By analyzing precision, we gauge the accuracy of
positive predictions, while recall assesses the completeness of correctly identified instances. Additionally, F1
score serves as a harmonized metric that balances precision and recall, offering a comprehensive assessment
of classification accuracy within the specified categories [38], [39].

Precision, indicating the accuracy of positive predictions, is calculated as the ratio of true positives
to the sum of true positives and false positives:

True Positives

Precision = (12)

True Positives+False Positives

The ratio of true positives to the sum of true positives and false negatives serves as a measure of recall, which
evaluates the completeness of correctly identified instances:

True Positives

Recall =

(13)

True Positives+False Negatives

The F1 score, a harmonized metric balancing precision and recall, offers a comprehensive assessment of
classification accuracy:

2XPrecisionxRecall

F1 Score = (14)

Precision+Recall

Accuracy, representing the overall correctness of predictions, is calculated as the ratio of correct predictions
to the total number of predictions:

True Positives+True Negatives

Accuracy = (15)

True Positives+False Positives+True Negatives+False Negatives
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5. RESULTS AND DISCUSSION

The results and discussion section presents a comprehensive exploration of the performance of various
hybrid models developed for sequential sentence classification in biomedical abstracts. The evaluation focuses
on key metrics, with a central emphasis on accuracy at first, to provide insights into the efficacy of each
model. Table 2 showcases the accuracy scores of distinct hybrid models, each integrating LSTM, BI-LSTM,
GRU, or BI-GRU with USE. These models play a pivotal role in enhancing text segmentation and
classification within the intricate domain of biomedical literature.

Table 2. Accuracy of different hybrid models
Hybrid model  Accuracy

LSTM-USE 0.8841
BILSTM-USE 0.8769
GRU-USE 0.8758

BIGRU-USE 0.8707

The results obtained indicate noticeable differences in accuracy metrics among the various hybrid
models, highlighting their unique abilities in the complex task of sequential sentence classification. The
LSTM-USE model is the most accurate among the models considered, achieving an accuracy score of
0.8841. This result highlights the model's skill in accurately capturing the sequential relationships and
complex patterns that are naturally present in biomedical text data. The BI-LSTM-USE model achieves an
accuracy of 0.8769 while closely following, highlighting the significant impact of bidirectional processing in
enhancing contextual understanding. In addition, the GRU-USE and BI-GRU-USE models obtain impressive
accuracies of 0.8758 and 0.8707, respectively, indicating the strong and reliable performance of GRU
architectures in this field.

Table 3 provides an in-depth examination of the macro and weighted average outcomes for four
different hybrid models, revealing their performance across many evaluation metrics. The LSTM-USE model
demonstrates strong performance in recognizing sequential dependencies within biomedical text data, as
evidenced by its robust macro average precision, recall, and F1-score values of 0.8429, 0.8325, and 0.8363.
The weighted average measures, with precision at 0.8838, recall at 0.8841, and F1-score at 0.8833, highlight
the model's ability to accurately classify data into specified categories. The BI-LSTM-USE model exhibits
powerful macro average precision of 0.8371, recall of 0.8212, and Fl1-score of 0.8248, which greatly
enhances its overall accuracy. The weighted average metrics of 0.8765, 0.8758, and 0.8744 for precision,
recall, and F1-score, respectively, highlight the model's effectiveness. Notably, it is seen that bidirectional
processing does not significantly enhance accuracy in these models. This highlights the subtle complexity of
improving models and underscores the importance of making thoughtful decisions regarding architectural
choices. The GRU-USE model demonstrates its proficiency with macro average precision, recall, and
F1-score values of 0.8354, 0.8247, and 0.8277. The model's overall performance is further confirmed by the
related weighted average metrics of 0.8774, 0.8770, and 0.8761. The BI-GRU-USE model achieves macro
average metrics with a precision of 0.8280, recall of 0.8193, and F1-score of 0.8205. The weighted average
metrics for precision, recall, and F1-score are 0.8718, 0.8707, and 0.8699, respectively.

Table 3. Macro and weighted average results of different hybrid models

Metric Average LSTM-USE BILSTM-USE GRU-USE  BIGRU-USE
Precision  Macro-average 0.8429 0.8371 0.8354 0.8280
Weighted-average 0.8838 0.8765 0.8774 0.8718
Recall Macro-average 0.8325 0.8212 0.8247 0.8193
Weighted-average 0.8841 0.8758 0.8770 0.8707
F1score  Macro-average 0.8363 0.8248 0.8277 0.8205
Weighted-average 0.8833 0.8744 0.8761 0.8699

Table 4 offers a detailed insight into the class-wise performance metrics of the best-performing
hybrid model, LSTM-USE. Precision, recall, and F1-score metrics are presented for each predefined
category, providing a granular evaluation of the model's capabilities. These class-wise metrics contribute
significantly to understanding the model's performance variations across different categories. It is evident
that the LSTM-USE model excels in certain categories, such as methods and results, where precision, recall,
and Fl1-score are notably high. The model's ability to accurately classify information in the conclusions
category is also commendable. However, some challenges are observed in the objective and background
categories, where recall and F1-score are comparatively lower.
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Table 4. Class-wise performance of the best performing hybrid model (LSTM-USE)
Class Precision  Recall  F1 Score
Background 0.7181 0.7863  0.7507
Conclusions 0.8951 0.8796  0.8873

Methods 0.9193 0.9445  0.9317
Objective 0.7672 0.6420  0.6990
Results 0.9151 0.9101  0.9126

Our study has demonstrated the significant potential of advanced NLP techniques, with a particular
emphasis on hybrid models like LSTM-USE, in enhancing the accessibility and readability of biomedical
literature. The LSTM-USE model, in particular, showcases robust performance across various categories,
indicating its potential for effective sequential sentence classification in biomedical texts. This performance
is highlighted by variations in class-wise metrics, providing valuable insights for further refining the model to
enhance its overall effectiveness and address specific challenges within each category. Such a nuanced
evaluation underscores the importance of considering both global performance and class-specific metrics for
a comprehensive understanding of the model's capabilities. The LSTM-USE model, with its notable accuracy
and detailed class-wise performance, not only stands out but also paves the way for continued innovation in
utilizing NLP within biomedical research.

6. CONCLUSION

In conclusion, our exploration into advanced NLP techniques, particularly through the deployment
of hybrid models like LSTM-USE, underscores a significant advancement in enhancing the comprehension
and accessibility of biomedical literature. The robust performance of the LSTM-USE model across various
classification categories highlights its potential for effective sequential sentence classification in biomedical
abstracts, promising a substantial improvement in how biomedical literature can be accessed and understood.
This achievement, derived from a nuanced evaluation that considered both overall and category-specific
metrics, provides valuable insights into optimizing model performance and addressing the unique challenges
of the biomedical domain. The integration of LSTM, BI-LSTM, GRU, and BI-GRU architectures with the
USE has not only demonstrated varying degrees of efficacy across different models but also illustrated the
potential applications and extensions of our methodologies beyond the initial scope of the PubMed 200k
RCT dataset. This suggests the possibility of broadening the impact of our findings by applying these
techniques to a wider array of biomedical texts, thereby enhancing the robustness and applicability of our
research and contributing to the ongoing discourse on NLP's pivotal role in biomedical research.

Looking forward, the potential for further exploration is vast. Future research could extend the
application of our models to diverse datasets, explore alternative neural network architectures, and integrate
different pre-trained embeddings to uncover additional improvements in model performance. Such endeavors
promise not only to refine the capabilities of NLP technologies but also to expand their application in
navigating the complex landscape of biomedical literature. By continuing to innovate and explore, we aim to
enrich the tapestry of NLP applications, facilitating more efficient and effective access to biomedical
knowledge and ultimately advancing the field of biomedical research. Our study lays the groundwork for
these advancements, emphasizing the importance of detailed model evaluations and the pursuit of
sophisticated, context-aware models that can meet the evolving challenges of the biomedical domain.
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