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Abstract

With biomedical literature expanding exponentially, extracting
meaningful events from unstructured text is more vital than ever.
Our Python-based pipeline fine-tunes BioBERT to classify
domain-specific biomedical events—moving beyond rule-based
systems to harness deep contextual understanding. From raw
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# Split data # Compute metrics
train_texts, val_texts, train_labels, val_labels = train_test_split( def compute_metrics(eval_pred):

data[ 'description'], data['label'], test_size=08.2, random_state=42) logits, labels = eval_pred
train_dataset = TextDataset(train_texts.tolist(), train_labels.tolist()) preds = torch.argmax(torch.tensor(logits), dim=-1)
val_dataset = TextDataset(val_texts.tolist(), wval_labels.tolist()) acc = accuracy_score(labels, preds)

precision, reca 11, f1, _ = precision_recall_fscore _support
# Load Pretrained BioBERT Model klabels, preds, average='weighted’)
num_labels = len(label_encoder.classes_ ) return {"accurac y": acc,"” precision": precision, "recall": recall, "f1": f1}
device = torch.device("cuda"” if torch.cuda.is_available() else "cpu")
model = BertForSequenceClassification.from_pretrained # TT aaaaa .
trainer = Trainer (

# Training Arguments
training_args = TrainingArguments(

(model_name, num_labels=num_labels).to(device)
model=model,

args=training_args,
train_dataset=train_dataset,
eval dataset=val_dataset,

text to event prediction, this framework streamlines tasks like S PO — e
pharmacovigilance  and  disease  progression  analysis, e ¢ Trwin model
accelerating insights in life sciences. S e o
) print("Evaluation Metrics:", metrics)
Overview of BioBERT Architecture # Prediction Function
def predict classification(text):

‘/BiO'BERT 9 Domain-SpECIfiC biomedical Ianguage inputs = tokenizer(str(text), return_tensors="pt", truncation=True, padding=True, max_length=128)

. . L . inputs = {key: val.to(device) for key, val in inputs.items()} # Move inputs to same device as model
representation model built on top of BERT. (Bidirectional Encoder outputs = model(**inputs)

. probs = torch.nn.functional.softmax(outputs.logits, dim=-1)
Representatlons frOm TranSfOI‘merS) prediction = torch.argmax(probs, dim=-1).item()
\/Pre-trainEd 9 Massive amount Of Blomed text (Medlcal return label_encoder.inverse_transform([prediction])[@]

Dictionary, Research papers).

v Improve performance ,NLP Tasks = Relation extraction, Text ~Report-Level Input and Output Analysis

classification, Sentiment analysis, Machine translation, Question

1] df=pd.read_csv("event_classification_sample.csv", encoding='latin-1"')

answering. ORI SN I sl
’ df[ "predicted label®'] = df['description’'].apply(predict_classification)

v Input = Unstructured textual data from PRO. @
v Output = Drug-related event , Non-event. b 110 15 of 15 entries O @

o o index description Drug classification predicted_label
‘/ Who W'II use th’S mOdEI? 0 while taking Drug- A the patient was diagnosed with acute myocardial infarction. EFUQ AE Non Event
Pharmaco Vigilance AnaIyStS: qUICkly iden tlfy pOten tial SafEty 1 No significant abnormalities were found in the blood test results. grug Non Event AE
Sign G/S. 2 The clinical trial showed promising results for the new drug. Erug Non Event Non Event
Clinical ResearCherS: un derStand the real- World effECtS Of drugs 3 The patient experienced severe chest pain and shortness of breath. grug AE AE
and iden tlfy pI’EVIO USIy unknown Slde EffECtS. 4 Trying to sleep on with Drug A is so weird. There are so many jitters Erug Non Event AE

o e o o o . | take my Drug B like 2 hours before | get up for the day and like those last couple hours of Dru
Healthcare Professionals: better clinical decision-making. 5 sleep are aways nightmares ’ i T i
6 The patient was admitted to the hospital for observation. Erug AE Non Event

Bio-Bert workflow for Clinical classification

Entity Relationship Extraction with BiIioBERT

BioBERT Methodology These Diagram illustrating how biomedical text is

Clinical Applications of BioBERT
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- mutex | processed to identify relationships between key
sewsssmn )| medical terms. It follows this sequence:
mrieso)l L lnput text — examples like “drug reduces _ _
&(geneassomatlewnhdlseasejj Symptom." E s s entl al L e arnln EI S
( TOkenifation J > Tokenization — the text is broken down into = BioBERT acts as a powerful feature extractor for biomedical text, and a
b | tokens. —— subsequent classification layer uses these features to categorize events,
] > Bio BERT — 2 pre-trained biomedical Ianguage cee leveraging BioBert's deep understanding of the biomedical domain.

| Predton’ | model processes the tokens.

aa-smon) 3> Prediction — it outputs relationships such as Event classification using BioBERT involves training a biomedical
eatment — conditon | drug—symptom, treatment—condition, or gene— t:' language model to.identify and categorize rel.at.ionships or events—like

(e 4 adverse drug reactions—from unstructured clinical text.

ISease.
- - - - This approach is particularly useful for pharmacovigilance, AE analysis,

Environment Conflguratlon and Model Loadlng O automating structured data extraction, Disease Progression and
import torch AYACN Treatment Monitoring , Clinical Trial Recruitment & Automated Coding

inport pands as pd from clinical narratives.

from transformers import BertTokenizer, BertForSequenceClassification, Trainer, TralningArguments Contact
from sklearn.model selection import train test split
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from sklearn.preprocessing import LabelEncoder ORGANIZATION: SENSAN BIOSCIENCES. India
from sklearn.metrics import accuracy_score, precision recall fscore support WEBSITE: WWW.SENSANBIO.COM

from torch.utils.data import Dataset
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