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ABSTRACT:  
In this study, we offer a novel framework for biomedical named entity recognition based on transfer 
learning using the BioALBERT model. The extraction of a great deal of biomedical knowledge from 
unstructured texts into organized formats relies heavily on the recognition of biomedical entities in 
literature, which is a challenging area of study. To implement biological named entity recognition 

(BioNER), the sequence labeling framework is now the gold standard. The performance of this 
approach is inconsistent, and it often fails to make full use of the semantic information in the dataset. 
To have a complete picture of a disease, one must be familiar with its signs and symptoms, medical 
evaluation, and treatment options. A great deal of medical and scientific work relies on this illness 
data, including disease diagnosis, consumer health question answering, and the development of 
medical nomenclature. Instead of approaching the BioNER task as a sequence labeling problem, we 
present a formulation of the problem as a machine reading comprehension (MRC) issue in this 
study. Carefully constructed queries can include more prior knowledge into this formulation, and 

unlike conditional random fields (CRF), no decoding methods are required. Although pre-trained 
language models like BERT have shown success in extracting syntactic, semantic, and world 
knowledge from text, we find that they can be further enhanced by specialized information like 
knowledge about symptoms, diagnosis, and other elements of an illness. Therefore, we combine 
ALBERT with medical knowledge to enhance BioNER. In specifically, we evaluate a new approach 
to training that incorporates illness knowledge infusion on BioALBERT. By showing that these 
models can be enhanced in nearly all cases, the experiments conducted for this task indicate the 
efficacy of disease knowledge infusion. 
 

 

 
I. INTRODUCTION 

The widespread adoption of EHR systems in healthcare has created a wealth of new opportunities for 

clinical investigation by providing access to a wealth of real-world data sources. Natural language 
processing (NLP) techniques have been used as an artificial intelligence strategy to extract information 

from clinical narratives in electronic health records since they include a plethora of important clinical 

information. However, in free-form texts like electronic health records, a clinical narrative framework still 

conceals many clinical data. Therefore, biomedical NLP algorithms must be implemented to make full 
use of EHR data and automatically convert clinical narrative text into structured clinical data. In this way, 

biomedical NLP applications can be used to improve clinical decision-making, raise awareness of health 

problems, and successfully delay or prevent disease.[1] 
 The purpose of BioNER is to automatically detect biological things (e.g., chemicals, diseases, and 

proteins) in texts. Recognizing biological things accurately is a prerequisite for extracting biomedical 

knowledge from unstructured texts and turning it into organized formats. As a result, the BioNER 

problem is very important for the scientific community to tackle. Natural language processing (NLP) and 
domain-specific expertise are typically leveraged during the feature design phase for developing BioNER 

methods. Common models used in biomedicine include Lou's joint model [2], TaggerOne [3], DNorm 

[4], tmChem [5], etc. However, feature engineering relies heavily on human intervention and subject 
expertise. Furthermore, these characteristics are unique to entities and models alike. In recent years[6], 

neural networks with independent feature learning capabilities have seen increased usage in NER tasks. In 
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order to recognize biomedical objects, numerous neural network methods[7-12] have been presented. In 

these methods, bidirectional long short-term memory (BiLSTM)[13] is utilized to learn vector 

representations of each word or token in a phrase, which are subsequently fed into conditional random 
fields (CRF)[14].  

Transfer learning has been increasingly prominent in the field of natural language processing as a 

result of its ability to apply knowledge gained in one context to another. The need for fine-tuning the 

performance and the dataset decreases. The domain adaptability property is the product of the transfer 
learning method's word vector mapping between similar words and vectors. To acquire transfer learning 

abilities and general-purpose knowledge, the entire model is pre-trained on a data-rich task. Later tasks 

can benefit from this knowledge. The network might be trained using transfer learning and the vast 
amounts of publicly available text data. For NLP applications, numerous representations have been 

proposed, including the Pre-trained Transformer (PT), Embeddings from Language Models (ELMo), 

RoBERTa, and ALBERT. All of these models were shown to be very effective for a certain group of 
applications, but not for the broader class of applications. Different models have different levels of 

success on different jobs because they apply different strategies. Therefore, a unified and systematic 

strategy is required to fully comprehend transfer learning. In addition, the performance of conventional 

pretrained learning models degrades for biomedical applications because they were trained on generic 
corpora like Wikipedia and Wordnet. The inefficient performance of these models on biomedical data has 

been addressed by biomedical natural language processing (BioNLP) researchers by training these models 

on biological and clinical corpora. 
Many NLP tasks have lately been mastered by language models like ELMo [15] and BERT [16], 

which have attained state-of-the-art (SOTA) performance. The softmax function and BERT that was pre-

trained on biomedical corpora were used by Lee et al.[17] to recognize biological things. Their method 
yielded state-of-the-art performance on a variety of biomedical datasets. Due to their ability to self-learn 

features, neural network approaches can outperform their feature engineering counterparts. In many 

existing methods, the BioNER task is recast as a sequence labeling problem, with the goal of using a 

sequence labeling model to assign a label to each token in a given sequence. Neither the BiLSTM-CRF 
nor the BioBERT-Softmax models are capable of effectively mining the semantic information present in 

the sequence labeling framework.. Integrating the semantic knowledge learned at the final BioBERT layer 

into the sequence labeling framework is difficult. Our work on BioNER (termed BioBERT-MRC) is 
inspired by the recent movement toward formalizing NLP tasks as machine reading comprehension 

(MRC) challenges [18]. Responding to a language query that encodes a biological entity type is how the 

MRC framework identifies them. 

BERT and its variants [19] have recently caused a ruckus in the NLP field with their innovative 
approach to learning and exploiting information. These models learn language and world knowledge in its 

parameters through self-supervised pre-training over huge volumes of unannotated data, which they then 

utilize to refine their performance on subsequent tasks. In addition, several BERT models with 
applications in the medical field are proposed, one of which is BioBERT [20]. A masked language model 

(MLM) is used to pre-train these models using biomedical corpora, allowing for the prediction of tokens 

that have been randomly masked based on their context. The purpose of this MLM method is not to learn 
anything about the sickness itself, but rather to capture the semantic associations that exist between a 

given environment and a set of randomly masked characters. Since the semantic ties between the linked 

disease and aspect might not be randomly veiled or stated at all in the disease-descriptive text, MLM is 

unable to capture them well. Therefore, a novel training method is required to record this health-related 
data. 

We describe a novel disease knowledge infusion training strategy in this research that may be used to 

explicitly enrich BERT-like models with the sickness information. The central idea is to train BERT to 
infer the related disease and aspect from a disease description text using weakly-supervised signals from 

Wikipedia. By feeding it text from a section of a Wikipedia page that normally explains a feature of the 
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disease, BERT is taught to infer the title of the associated article (disease name) and the title of the 

relevant section (aspect name). BERT is taught to recognize that the diagnostic part of the article 

"COVID-19" is the source of the sentence "...testing is real-time reverse transcription polymerase chain 
reaction (rRT-PCR)..." from Table 1. When the condition or perspective is not made clear in the context 

of a given section, we construct introductory auxiliary sentences including the disease or perspective (for 

instance, "What is the diagnosis of COVID-19?") and insert them at the beginning of the relevant 

paragraphs. Then, we use the auxiliary sentence to conceal the disease and feature, and we let BERT-like 
models infer them from the passage. By doing so, BERT is able to create a semantic connection between 

a disease-descriptive language and the matching feature and disease. In order to evaluate the efficacy of 

disease knowledge infusion, we conduct experiments on a BioALBERT, on the tasks of answering CHQs, 
inferring medical terminology, and recognizing disease names. 

The large-scale pretrained model BioALBERT has been fine-tuned for domain-specific adaptation 

using corpora from the biomedical area. This study details an improved method for extracting EHR 
system context data for therapeutic use.The proposed work's key contribution is the potential utility to 

clinicians of extracting context information from the available dataset for a clinical domain. Here, the 

contextual biological data is used to fine-tune the pretrained model to achieve the desired performance. 

The improvised ways for sharing parameters provide value to the research effort because they reduce the 
need for physical memory. Sentence-level tokenization yields word-piece embeddings useful for fine-

tuning contextual summary synthesis, which adds novelty to the proposed approach.  

Here is how the rest of the paper is structured: The second half of the paper provides a summary of 
previous presentations by a variety of academics that cover related ground. In Section III, we describe the 

structural makeup of ALBERT and its biological variants. In Section IV, we demonstrate how to use 

BioALBERT to retrieve contextual information about the dataset that was provided for biomedical NER. 
Part V of the experimental inquiry evaluates and discusses the effectiveness of the suggested method, and 

Part VII wraps up the project.  

RELATED WORK 

The exponential rise of the healthcare business has attracted many academics to examine a range of 
hitherto undiscovered aspects of the medical paradigm It is largely attributed to the digitalization of data 

and the ability of artificial intelligence to extract valuable information from it,. Natural language 

processing (NLP) innovations have improved processing standards. In particular, Biomedical NLP has 
changed the entire medicine development process and the assessment of sequence variants in the medical 

industry, as well as every other area of data analytics in the medical field. In the biomedical literature, 

sophisticated LMs did not perform well since they were trained on generic corpora. The 

BioNLPresearchers resolved the limitation by training the LMs on biological and clinical corpora and 
verifying the corresponding performance across multiple BioNLP applications. 

Most deep learning-based research representing the clinical concept of EHRs use the word2vec 

model's skip-gram structure [21]. The skipgram approach operates under the premise that the 
interpretation of a concept is conditional on its immediate setting. So, the skip-gram method uses the 

sequence of concepts to predict the context of the chosen target thought. Once concepts are represented, 

researchers can employ analysis to establish the connections among them, such as between diseases or 
between clinical events and diseases. Similar ideas can be applied by researchers in different tasks to aid 

doctors in decision making and provide them with useful information. 

Attention techniques are also utilized in the examination of electronic medical records. Thanks to the 

attention mechanism, deep learning models may narrow in on the most relevant details to achieve the 
desired outcome, rather than wasting time processing irrelevant data. Using the focus mechanisms, it is 

possible to ascertain if data points validate the model's predictions. Using attention mechanisms and 

recurrent neural networks, Nigam et al. [22] created a system to learn patient representations from 
temporal electronic health record data. The model was then used to predict the probability of an 
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impending hospitalization. Experiment results showed that a deep learning model has the potential to 

improve prediction accuracy. 

Combining several neural networks or methods has been shown in numerous research to improve 
model accuracy and performance. For instance, [23] used unsupervised deep learning to learn a patient's 

representation from their EHR. They used a stacked denoising autoencoder with three layers to capture 

the data's hierarchical relationship and interdependence. The deep learning system Mikolov et al. [24] 

developed to extract patterns of patient information consists of recurrent neural networks and 
convolutional neural networks. Using a single-layer decision tree and long short-term memory (LSTM), 

Rajkomar et al. [25] were able to retrieve data from the dataset. The deep learning model consistently 

outperforms the gold-standard clinical prediction model. 
Biomedical ELMo (BioELMo), a variant of ELMo developed by Jinal. [26] and trained on PubMed 

abstracts, was first presented. Characteristics of the connections between the various entities in the 

biomedical data have been retrieved by the authors. Training over scientific content was proposed by 
Beltagy al.[27], who devised a paradigm they dubbed Scientific BERT (SciBERT). Similarly, Si et al. 

[28] have used clinical notes as corpora to train BERT-based transfer learning models. They solved the 

named-entity-recognition (NER) problem for biomedical data and improved upon both traditional non-

contextual and contextual word embedding. Peng et al. [15] created a standard called the Biomedical 
Language Understanding Evaluation (BLUE) score using ten datasets to generate five assignments. Since 

then, many scientists have used this number to judge the precision of their simulations. The results show 

that BioNLP performance can be enhanced by training LMs on biomedical corpora. According to Li et al. 
[29], BioBERT is the most widely used LM in the field of biomedicine. It uses the PubMed and PMC 

corpus for preliminary training. They've tweaked the proposed model and looked into its potential in three 

different BioNLP tasks: relational extraction, natural language extraction (NER), and question answering 
(QA).Using data from PubMed articles, Gu et al. [30] introduced a new LM they called PubMedBERT. 

They used the LM that had been trained on large corpora to verify the model's efficacy and accuracy and 

to extract a domain-specific lexicon. KeBioLM[31], a biologically pre-trained LM, utilised data from the 

Unified Medical Language System (UMLS). Two BioNLP projects were finished using KeBioLM, 
demonstrating that it was possible to develop a specialized LM for a given domain. 

Training these LMs takes a long time and requires a lot of computing power because they all use the 

BERT design. The extent to which these LMs can be applied outside of the specific BioNLP tasks for 
which they were validated is also open to debate.ALBERT has been demonstrated to outperform BERT 

on NLP tasks. Our hypothesis is that a biomedical variant of ALBERT, called BioALBERT, can be 

effectively trained with biomedical corpora and then fine-tuned for the task of context-aware summary 

generation, providing a useful tool for clinical analysis in a variety of settings. 

II. ARCHITECTURAL FRAMEWORK OF ALBERT 

ALBERT is a simplified version of BERT that keeps the functionality of the original while making use 

of a significant reduction in the number of parameters. Integration of the factorized embedding 
parameterization (FEP) strategy and the following cross-layer parameter (CLP) sharing method is what 

leads to a reduction in the number of parameters that need to be used. By decomposing the massive 

vocabulary embedding matrix into two more manageable matrices, FEP makes the dimensionality of the 
hidden layer less dependent on the vocabulary embedding. This is accomplished by dividing the matrix 

into two smaller matrices. In addition to this, it enables you to maintain the same amount of parameters 

while simultaneously raising the total number of hidden levels.  The CLP sharing strategy improves 

parameter efficiency because it limits the rise in parameters even when the network's depth changes. This 
keeps parameter efficiency at a high level.In addition to this, it demonstrates a more consistent and stable 

training outcome for the primary BERT model. Despite the fact that ALBERT requires 18 times fewer 

parameters, it was discovered that the training performance of an ALBERT model is 1.7 times faster than 
that of a BERT model [32]. This is despite the fact that ALBERT requires less parameters. 
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Figure1. Typical Transformer model [32] 

Encoder-decoder based models are the foundation upon which ALBERT is constructed, as shown in 

Figure 1. This model utilizes a transformer architecture with multiple layers. In this strategy, the process 
of encoding is predicated on the encoder's capacity to concentrate inwardly, whereas the process of 

decoding is predicated on the encoder's ability to concentrate on its outputs. This structure is made up of a 

number of blocks stacked one atop the other in ascending order. Each individual unit is made up of a 

feedforward network as well as a multi-head attention block. It is necessary to have sizeable hidden layer 
representations in order to accommodate data context and word-level embeddings, which leads to an 

increase in the total number of parameters. The formula that is typically used to calculate this number is V 

* H, where V refers to the size of the vocabulary and H refers to the size of the hidden layer. 
When E is factored with FEP, the resulting information can be used to determine the size of the 

embedding. The final parameter order is about V*E + E*H, which is a significant step in the right 

direction. Stacking the independent layers not only results in a significant increase in the model's level of 
redundancy but also enhances the capacity of the model to acquire new information. In order to lessen the 

likelihood of this happening, ALBERT makes advantage of group-wide parameter sharing between 

layers. In this particular instance, the number of layers and the number of parameters are subject to a give-

and-take relationship. Therefore, ALBERT is a simplified version of BERT that is a lot more beneficial 
than the original.It has the potential to lessen the computational burden of a wide variety of applications 

and to boost the effectiveness of language comprehension tasks further down the production line. 

III. PROPOSED BIOALBERT BASED NER 
This study presents architecture for biomedical NER and disease prediction for prognosis that 

employs transfer learning for NLP on biological data. This architecture can be used to collect context 

features in a clinical setting. In this instance, we achieve transfer learning with the help of BioALBERT 
by refining the massively pretrained LM over biological corpora. The following is a statement that has 

been made regarding the issue of biomedical NER: 

An input sentence 𝑋 = {𝑥1, 𝑥2, … , 𝑥𝑁} is given, in which xidenotes the ith word or token and N is the 

sentence's length. Sorting every word or token in X and assigning it to a corresponding label 𝑦 ∈ 𝑌 being 
a preset list of all potential label types, such as CHEMICAL, DISEASE, and PROTEIN—is the aim of 
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NER. The labeling-style NER dataset is transformed into a set of (Context, Query, Answer) triples by us 

when we structure the NER task as an MRC task. Context refers to an input sentence (X), Query to a 

query sentence that is constructed based on the sentence (X), and Answer refers to the target entity span. 

We initially created a query 𝑄𝑦 = {𝑞1, 𝑞2, … , 𝑞𝑀} for each sentence for each label type y, where M is the 

query's length. After that, we were able to obtain the annotated entities xstart,end, which are substrings of X 
and start ≤ end, in accordance with the annotated labels Y. For instance, the labels "B O O O O O" 

correlate to the statement "Meloxicam - induced liver toxicity" from the BC5CDR-Chem dataset. We may 

extract the entities and their spans: "Meloxicam"0,0, based on the labels. In the end, we created the triple 

(X, Qy, xstart,end), which is precisely the triple we require (Context, Query, Answer). To create queries, we 
used biological entities from the target dataset's training and development set. 

The entire process is categorized primarily into the following four steps: 

a) Data Preprocessing 
To test the efficacy of our method, we use the BC5CDR[33] datasets that has been preprocessed and made 

publicly available. To evaluate chemicals and diseases, researchers use the BC5CDR-Chem and 

BC5CDR-Disease sub-datasets. Since BC5CDR-Chem and BC5CDR-Disease were used to evaluate the 
vast majority of existing methods, we did the same. BC5CDR-Chem contains 15,411 annotations and 

14,228 sentences related to the chemical/drug entity. Even yet, BC5CDR-illness's "disease" object has 

14,228 phrases and 12,694 annotations. For the trials, a new training set was created by merging the 

original training and development sets. The hyper-parameters were then fine-tuned using a validation set 
sampled from 10% of the new training set. The model was tested with data taken directly from the test 

set. We followed the standard practice of separating data in this way because it was used by the vast 

majority of earlier works. Discharge summary features tokenize the text of datasets using the [CLS] and 
[SEP] tokens. Tokens at the beginning of a sentence ([CLS]) and the end of a sentence ([SEP]) indicate 

their respective locations. 

 

b) Machine reading comprehension 
The MRC methods allowed for the extraction of answer spans from the context by use of a targeted 

query. Predicting where the response spans start and where they terminate is essentially two separate 

formal classification problems. In recent years, it has become common practice to transform similar NLP 
tasks into MRC. Using the question-answering architecture, McCann et al.[34] successfully implemented 

10 separate NLP tasks, all of which achieved competitive results. There does not appear to be any active 

research on BioNER for ALBERT inside the MRC framework at the present time, at least none that we 
are aware of. Our study differs significantly from Li's in that we are only interested in living things. In 

addition, for the first time, we explore how different parts of the model affect BioNER. 

 

c) Model Training and Testing 
Although standard LMs have shown promise for a variety of NLP problems, there are significant 

risks involved in using them for NER. These issues include contextual dependency, the usage of 

acronyms, the possibility that one entity could belong to multiple entity types, a lack of training data, and 
other variables. Consequently, and as was indicated in the introduction, the most sophisticated NER 

models use transformer-implemented context-dependent language models that are trained on biological 

corpora. The more sophisticated and rapid LM known as the bioALBERT transformer model was used in 
this specific experiment. Some of the drawbacks of conventional domain-specific language models can be 

avoided thanks to the model's ability to adapt to the context in which it is embedded. 

First, the context X and the query Qy are concatenated to create the combined sequence {[CLS], X, 

[SEP], Q, [SEP]}. Following that, BERT is fed the combined sequence, which is described by the 
following formulas: 

ℎ𝑖
0 = 𝑊𝑒𝑡𝑖 + 𝑊𝑏       (1) 

ℎ𝑖
𝑙 = 𝑇𝑟𝑚(ℎ𝑖

𝑙−1)       (2) 
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𝐻 = [ℎ1
𝐿; ℎ2

𝐿; … ; ℎ𝑁
𝐿 ] ∈ 𝑅𝑁×𝑑     (3) 

 

where ti is the embedding of the ith token. The Transformer block incorporates multi-head attention layers, 

totally linked layers, and normalizing layers; these characteristics are represented by We, Wb, L, and Trm. 

The current layer number is  𝑙(1 ≤ 𝑙 ≤ 𝐿). Furthermore, N is the length of the context, and H is the 

BERT's output. We simply removed question representations because they are not relevant to the 

prediction being made by the model. In the MRC framework, there are typically two options for choosing 
the span. The first predicts the beginning and ending indices using two n-class classifiers, where n is the 

length of the context. This approach has the limitation that, due to the way the function is constructed, 

only one span may be generated from every given input sequence. It's also possible to create two binary 

classifiers. Based on their respective projections, tokens can be categorized as either beginning or ending 
indexes. Because it allows for the production of a wide variety of start and end indexes for a given 

sequence, this method can successfully identify all target entities based on Qy. In this inquiry, we 

followed Option 2. Using the representation matrix H generated by BERT, the model first calculates the 
probability that each token is a start index. The formula is as follows: 

𝐿𝑠𝑡𝑎𝑟𝑡 = 𝑙𝑖𝑛𝑒𝑎𝑟(𝐻𝑊𝑠𝑡𝑎𝑟𝑡) ∈ 𝑅𝑁×2    (4)  

Where Wstart is the weight to learn, and linear is a completely connected layer in this instance. The hidden 

representation of the index, which is utilized to ascertain the starting position of a target entity for a 
particular query, is indicated by each row in Lstart. Next, each token's likelihood of being the matching end 

index is predicted by the model. The equation is: 

𝐿𝑒𝑛𝑑 = 𝑙𝑖𝑛𝑒𝑎𝑟(𝐻𝑊𝑒𝑛𝑑 ; 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝐿𝑠𝑡𝑎𝑟𝑡)) ∈ 𝑅𝑁×2   (5)  

where ";" denotes the concatenation operation, linear is a completely connected layer, and Wend is the 
weight to learn.  

Lastly, we can get the projected indices, or Istartand Iend, that may represent the start or end positions 

by using the argmax function to each row of Lstartand Lend: 

𝐼𝑠𝑡𝑎𝑟𝑡 = {𝑖|𝑎𝑟𝑔𝑚𝑎𝑥(𝐿𝑠𝑡𝑎𝑟𝑡
𝑖 ) = 1, 𝑖 = 1,2, … , 𝑁}  (6) 

𝐼𝑒𝑛𝑑 = {𝑗|𝑎𝑟𝑔𝑚𝑎𝑥(𝐿𝑒𝑛𝑑
𝑖 ) = 1, 𝑗 = 1,2, … , 𝑁}   (7) 

where the superscripts i and j designate the i and j rows of the matrix. In setting X, there could be 

several occurrences of entity Y. This means it is possible to anticipate multiple start and end indices from 

the same input sequence. Since all of the datasets we examined are flat NER datasets, we also used the 
nearest match concept to synchronize the beginning and ending indices to arrive at our conclusions. When 

one end/start index corresponds to several start/end indices, only the closest pair will be used. 

BioALBERT was trained using a massive dataset constructed from biomedical corpora with the 

intention of improving its learning performance via CLP sharing. Layers beyond the first can learn the 
model's parameters with the help of the information learned in the first block thanks to CLP sharing. This 

eliminates the need to independently acquire the model's parameterization on a layer-by-layer basis. By 

assessing the coherence loss of each sentence and making an effort to minimize it during training, 
sentence-order-prediction (SOP) is an extra method that supplements contextual information. This method 

improves the model's representation and understanding by leveraging the training corpus to generate 

random word pairs. In order to reduce the hidden layer's reliance on the vocabulary embedding, the model 
has been FEP-enhanced by splitting the huge vocabulary embedding matrix into two smaller matrices. 

This is because, according to the transformer model, the size of the embedding is directly proportional to 

the level of the hidden layer, thus we can gradually increase the number of hidden layers while 

maintaining the same number of word embedding settings. CLP sharing, on the other hand, limits the 
increase in parameters with increasing network depth. Without compromising BERT's efficacy, it boosts 

the efficiency of the parameters and the consistency and dependability of the training results. Vocabulary 

embedding parameter values can be increased independently of the number of hidden layers used. The 
next section delves deeper into the initial training and fine-tuning of BioALBERT. 
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A. BioALBERT's pre-training 

To prepare the model for pre-training, the text from the datasets needs to be further processed in a 

more systematic way. This was required in order to make use of the material. Several common processing 
operations are applied to this raw text, such as removing blank lines, creating paragraphs, removing 

sentences with a length of fewer than twenty characters, and inserting blank lines between each 

document. The data was initially handled as a sentence text because tokenization relies on sentence 

embeddings. Tokenization needed to function properly, thus this was done. There is a blank line between 
each document because every sentence in the input text document is represented by a line in the 

document. The maximum length for each declaration was 512 characters. Using this updated dataset, the 

BioALBERT model was pretrained so that it wouldn't require the ALBERT model's established 
vocabulary.  

B. BioALBERT fine-tuning 

In this section, we will examine potential improvements that could be made to the contextual 
summary work that BioALBERT does. In this approach, the individual words that make up a sentence are 

isolated and processed separately from one another. In order to further enhance the model that was 

proposed, the discharge information summaries that were gathered from the datasets were utilized. The 

goal of this exercise is to familiarize yourself with some of the most important terms and phrases in the 
field of biomedicine so that you can make intelligent estimates about them. The purpose of this project is 

for you to create a clinically meaningful summary out of the symptom information that has been provided 

to you. When compared to pre-training, fine-tuning is a simpler process that demands a lower level of 
user attentiveness. 

N-tuple representations of the start and end indexes of the biological entity, Ystart and Yend, 

respectively, that correspond to the ground-truth labels of each token xiare provided by Ystartand Yend. 
These representations are referred to as Ystartand Yend. The specification of the loss function looks like this:  

𝐿𝑜𝑠𝑠𝑠𝑡𝑎𝑟𝑡 = 𝐶𝐸(𝐿𝑠𝑡𝑎𝑟𝑡 , 𝑌𝑠𝑡𝑎𝑟𝑡)     (8) 

𝐿𝑜𝑠𝑠𝑒𝑛𝑑 = 𝐶𝐸(𝐿𝑒𝑛𝑑 , 𝑌𝑒𝑛𝑑)     (9) 

𝐿𝑜𝑠𝑠 = (𝐿𝑜𝑠𝑠𝑠𝑡𝑎𝑟𝑡 + 𝐿𝑜𝑠𝑠𝑒𝑛𝑑)/2    (10) 
In this context, CE refers to the cross-entropy loss function. The test's beginning and finishing 

indexes are selected ad hoc based on the values of two variables, Istart and Iend. Then, using the nearest 

match technique, the answers are derived by comparing the beginning and ending indexes. 

The proposed approach makes use of informal methods for exchanging parameters and makes only 
modest use of physical memory. Tokenizing sentences allows for the production of word embeddings, 

which in turn can be used to generate more accurate contextual summaries. The one-of-a-kind dataset is 

used to generate model-specific fine-tuning exercises. The model's weights were set using the previously 
constructed pre-trained model. Before performing the tuning operation, we trained with lowercase texts 

using a batch size of 32, a learning rate of 1x10-5, and a total of 5336 steps. For the first round of 

BioALBERT model training, we relied on the Tensorflow TPUv3-8 processing unit. The majority of the 
hyper-parameters from the traditional ALBERT model have been preserved in their default settings. The 

model was tested at regular intervals, and its performance was rated using the evaluation checkpoint. The 

ultimate forecast was calculated using the top-performing model and the stubborn development dataset. 

PyTorch-transformers with XLNet and BERT implementations were employed in the studies. The entire 
training procedure is depicted in Figure 2, from start to finish. Model updates were performed without 

interfering with the layering process. Initially, Adam [35] was employed as the optimizer, but the training 

time was significantly reduced when the researchers switched to the Layer wise Adaptive Large Batch 
(LAMB) optimizer [36]. The overall performance of the development set was taken into account while 

deciding which hyperparameters to use and how to optimize them. The Transformer model appears to be 

highly sensitive to the settings it is provided; most attempts to apply it with varying learning rates resulted 
in subpar performance. The most effective training speeds were 7x104 and 6x106. The codes were 

evaluated depending on their level of confidence using the binary cross entropy logits. 
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Figure 2. End-to-end training procedure 

 

IV. RESULTS AND DISCUSSION 
To test the efficacy of our method, we use the BC5CDR datasets that has preprocessed and made publicly 

available. To evaluate chemicals and diseases, researchers use the BC5CDR-Chem and BC5CDR-Disease 

sub-datasets. Since BC5CDR-Chem and BC5CDR-Disease were used to evaluate the vast majority of 
existing methods, we did the same. BC5CDR-Chem contains 15,411 annotations and 14,228 sentences 

related to the “chemical/drug” entity. Even yet, BC5CDR-illness's "disease" object has 14,228 phrases 

and 12,694 annotations. For the trials, a new training set was created by merging the original training and 

development sets. The hyper-parameters were then fine-tuned using a validation set sampled from 10% of 
the new training set. The model was tested with data taken directly from the test set. Because of its low 

processing complexity, ALBERT is the basis for many recent efforts. To facilitate comparisons with 

previous investigations, the BERT models in this work are all based on the ALBERT framework.  
 The F1-score (F1) is used to evaluate efficacy; it gives equal weight to recall (R) and precision 

(P). First, find F1 using the formula: 2PR/(P + R). For each experiment performed five times, we report 

the highest possible F1-score (denoted by max), the average F1-score (denoted by mean), and the 

standard deviation (denoted by std). We also utilize T-TEST to conduct statistical significance tests and 
offer the confidence interval. Our experiments show that BioALBERT is most effective on one- or three-

epoch versions of the BC5CDR datasets. This has two root causes: There are two notable features of these 

data sets: The first is their massive scale, and the second is the powerful feature learning capabilities 
provided by BioALBERT. Another thing to keep in mind is that the input of BioALBERT is "[CLS] 

Context [SEP] Query [SEP], not "[CLS] Query [SEP] Context [SEP]". Using "[CLS] Query [SEP] 

Context [SEP]" as an input was also investigated, but this did not result in any noticeable gains in model 
performance. 

The effects of ALBERT inside the sequence labeling framework and the MRC framework were 

extensively explored in this work. Our first step was to evaluate ALBERT's BioNER capabilities in both 

the MRC and sequence labeling environments. Training batches for the BioALBERT base model were 
originally set at 1,024, but this number was reduced to 256 due to constraints on available computing 

capacity. Table 1 details the hyperparameters used in the training procedure. 
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Table 1. Pre-training Parameters 

Parameters Description/Values  Parameters Description/Values 

Baseline model ALBERT  Number of layers 12 

Optimization 

technique 

LAMB  Hidden layers 768 

Kernel  GeLU  Size of vocabulary 30000 

Maximum length of 

sentence 

512  Warm-up steps 3125 

Number of attention 

heads 

12  Size of evaluation batch 16 

Size of training batch 1024  Size of embedding 128 

 

BioALBERT's processing requirements were not much higher than those of other baseline models, while 

fine-tuning only required less computation than pre-training. BioALBERT's spontaneous parameter 
sharing techniques and lower physical memory requirement significantly improve its performance. 

Tokenizing sentences into sentences allows the training process to learn word embeddings more quickly. 

When fine-tuning the model, the pre-trained BioALBERT's weights are employed.Here, the AdamW 
optimizer is utilized with a batch size of 32 and a learning rate of 0.00001. We capitalized every word and 

set a maximum phrase length of 128 characters for every job. In the end, we used 512 warm-up steps to 

refine our pre-trained models for 10,000 training steps during the fine-tuning process.  
The best tuning of the suggested model is presented in figure 5, which also displays the training 

performance in terms of cost function. The estimation error variation is depicted in Figure 6, and the 

error's convergent nature reflects the learning characteristics. 

 

 
Figure 5 Cost function v/s time 
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Figure 6Estimation error v/s time 

 
Figure 7 Modeling Accuracy v/s number of iterations 
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Figure 8 Training and Validation Error wrt number of iterations 
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Figure 7 and 8 show the modelling accuracy and error during the training and validation over time for the 

training run on the online database.Each word in the input sequence is labeled with a Begin, Inside, and 

Outside (BIO) tag using these methods, treating BioNER as a token-level sequence labeling problem. The 
goal is to predict the BIO label for each token in the output sequence. The softmax method is used by 

BioALBERT-Softmax to perform the BIO classification on the BioALBERT output for each token in the 

sequence. Taking into account both the query Qy and the input sequence X, BioALBERT predicts the 

response spans xstart,end, which differs from the other three methods. It has been found that BioALBERT-
Softmax has an average F1-score of 92.99% on the dataset, which is higher than both BioBERT-

CRF[37](91.52%) and BioBERT-BiLSTM-CRF[37] (91.39%). One possible explanation is that CRF and 

LSTM aren't particularly good at finding long-distance hidden representations in this dataset because of 
the prevalence of really long words. However, BioBERT-MRC shows the most improvement over the 

other three methods. BioBERT-MRC can greatly improve the performance of BioNER tasks compared to 

sequence labeling strategies, regardless of the size of the corpus or the length of the sentences. These 
results show that BERT performs better in the MRC framework than in the sequence labeling framework 

when it comes to identifying biomedical items. 

V. CONCLUSION 

This research uses the BioALBERT model to propose a novel framework for biomedical named 
entity recognition through transfer learning. A difficult area of study is the recognition of biomedical 

entities in literature, which serves as the basis for extracting a significant amount of biomedical 

knowledge from unstructured texts into organized formats. Currently, the standard approach for 
implementing biological named entity recognition (BioNER) uses the sequence labeling framework. 

However, this method's performance is not always good, and it frequently fails to fully utilize the 

semantic information present in the dataset. Understanding an illness entails knowing about its many 
facets, including its symptoms, diagnosis, and course of therapy. Many scientific and health-related tasks, 

such as diagnosing diseases, answering consumer health questions, and deriving medical terminology, 

depend on this illness information. In this paper, we formulate the BioNER job as a machine reading 

comprehension (MRC) problem, rather than considering it as a sequence labeling problem. With carefully 
crafted queries, this formulation can incorporate more prior knowledge and does not require decoding 

procedures like conditional random fields (CRF). We find that pre-trained language models, such as 

BERT, can be further enhanced by specialized information such as knowledge about symptoms, 
diagnosis, treatments, and other elements of an illness, even though they have demonstrated success in 

extracting syntactic, semantic, and world knowledge from text. Therefore, in order to improve BioNER, 

we integrate ALBERT with illness knowledge. In particular, we assess a novel illness knowledge infusion 

training method on BioALBERT. Experiments conducted on this job demonstrate the viability of illness 
knowledge infusion, as these models may be improved in almost all cases. 
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