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Abstract: Prediction systems grounded in textual data have become indispensable across high-stakes 

domains including clinical decision support, financial signal detection, and digital misinformation 

analysis. Classical statistical approaches and shallow machine learning methods have demonstrated 

satisfactory performance on narrow, well-curated datasets, but they struggle to generalise once input 

distributions shift or domain vocabulary diverges from training corpora. Deep learning, and more 

specifically the pre-trained transformer paradigm, has substantially narrowed this gap; nevertheless, 

single-architecture solutions routinely leave accuracy on the table when applied to tasks that demand 

both rich contextual encoding and explicit sequential reasoning. 

This paper presents a cohesive, end-to-end AI- powered prediction framework that fuses BERT- derived 

contextual representations with a two-layer bidirectional LSTM (BiLSTM) classification head augmented 

by an additive attention mechanism. The system is designed as a modular pipeline: text acquisition and 

normalisation, augmentation-based imbalance handling, deep encoding, sequential modelling, and post-

hoc probability calibration are treated as independent, replaceable stages. Experimental evaluation 

across three publicly available benchmark datasets — the LIAR fake news corpus, Stanford Sentiment 

Treebank v2, and a health-claim verification collection — confirms that the hybrid BERT-BiLSTM-

Attention architecture outperforms five competitive baselines on macro-averaged F1 and area under the 

ROC curve. Ablation experiments quantify the individual contributions of the attention layer, recurrent 

head, augmentation strategy, and temperature scaling. A discussion of deployment trade-offs addresses 

inference latency, continual adaptation, and algorithmic fairness.. 
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I. INTRODUCTION 

Language has always been humanity's primary vehicle for recording observation, intention, and judgment. As 

organisations accumulate text at unprecedented scale — spanning electronic health records, regulatory filings, social 

media streams, and internal communications — the prospect of deriving reliable predictive signals from this content 

has grown from a theoretical curiosity into an operational priority. Prediction in this context does not merely mean 

retrieval or summarisation; it means inferring the future value of a variable, or the truth status of a claim, from textual 

evidence that was not explicitly curated for that purpose. Meeting this challenge requires methods that are sensitive to 

syntax, semantics, pragmatics, and the statistical regularities that emerge across large corpora[1]. 

The journey toward language-aware prediction has unfolded in distinct waves. The first wave relied on manually 

engineered features: keyword counts, part-of-speech ratios, readability scores, and domain-specific lexicons. While 

these features embodied hard-won linguistic intuition, they proved brittle against vocabulary drift and transferred 

poorly across domains. The second wave introduced data-driven representations through neural word embeddings, 

which compressed vocabulary into dense vectors whose geometric relationships encoded semantic kinship. 

Feedforward and recurrent classifiers operating on these embeddings achieved new benchmarks on sentiment analysis, 

question classification, and intent detection.[2] 
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A third wave, still unfolding, is defined by pre- trained transformer language models. Rather than embedding individual 

words, transformers produce representations conditioned on entire surrounding contexts, resolving the polysemy that 

crippled context-free embeddings. Pre-training on web-scale corpora endows these models with broad linguistic 

knowledge that can be transferred to downstream tasks through fine-tuning on comparatively modest labelled datasets. 

BERT and its successors demonstrated that this transfer learning recipe generalises across an extraordinary range of 

NLP benchmarks[3]. 

Linguistic understanding can be effectively transferred to downstream applications by fine-tuning models on relatively 

small labeled datasets. BERT and the models that followed showed that this transfer learning approach works 

successfully across a wide variety of NLP tasks and benchmarks[4]. 

Yet even within the transformer paradigm, design choices matter. A BERT encoder fine-tuned with a simple linear 

head is computationally efficient and often highly competitive, but it encodes sequential ordering implicitly through 

fixed positional embeddings rather than through an architectural commitment to order. For tasks where the linear 

arrangement of propositions, hedges, and logical connectives carries predictive weight — fake news classification, 

clinical outcome prediction, legal document analysis — there is reason to supplement the transformer encoder with a 

recurrent layer that treats order as a first-class modelling concern[5]. 

This paper investigates the hypothesis that routing BERT's contextual representations through a bidirectional LSTM, 

further equipped with an additive attention mechanism, yields consistent accuracy improvements over standalone 

architectures, particularly on tasks characterised by low resource availability, class imbalance, or complex 

argumentative structure. We situate this investigation within a production-oriented system design that addresses not 

only model accuracy but also calibration quality, inference cost, fairness, and interpretability[6]. 

 

1.1 Motivation and Problem Framing 

Three application scenarios inform the design of this system. In the domain of news veracity assessment, a prediction 

system must determine whether a textual claim is supported by established facts, a task that requires sensitivity to 

linguistic markers of certainty, source attribution, and logical consistency across sentences. In clinical risk 

stratification, free-text nursing notes and physician assessments contain nuanced hedges and qualifiers whose 

sequential arrangement influences outcome likelihood. In customer experience management, contact centre transcripts 

and survey responses must be mapped to actionable outcome categories to support operational decisions[7]. 

What unites these scenarios is their shared reliance on text as the primary data modality, combined with the 

requirement for well-calibrated probability estimates rather than simple hard classifications. A model that correctly 

ranks a positive example above a negative one but assigns a probability of 0.98 to every positive case is poorly 

calibrated and unsuitable for downstream decision-making frameworks that threshold on predicted risk. System design 

must therefore address calibration explicitly rather than treating it as an afterthought. 

  

1.2 Research Contributions 

The specific contributions of this paper are as follows. First, we describe a complete, modular prediction pipeline that 

progresses from raw text ingestion through preprocessing, augmentation, deep encoding, sequential classification, and 

calibration, with each stage designed for independent replacement. Second, we introduce and evaluate a hybrid BERT-

BiLSTM-Attention model as the central inference component and compare it against five baselines under identical 

experimental conditions across three benchmark datasets. Third, we present an ablation study that isolates the 

contribution of each pipeline component, providing evidence-based guidance for practitioners who must balance 

accuracy against computational cost. Fourth, we offer an extended discussion of deployment considerations including 

latency management, domain adaptation strategies, fairness measurement, and interpretability techniques appropriate 

for production environments[8]. 
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1.3 Paper Organisation 

The remainder of the paper is structured as follows. Section 2 surveys relevant prior work on text representations, 

transformer architectures, recurrent and hybrid models, and existing prediction systems. Section 3 details the proposed 

system architecture and each pipeline stage. Section 4 describes implementation specifics, training procedures, and 

evaluation protocols. Section 5 presents experimental results, comparative analysis, and ablation findings. Section 6 

discusses practical deployment considerations. Section 7 concludes the paper and identifies directions for future 

research[9]. 

 

II. BACKGROUND AND RELATED WORK 

2.1 From Bag-of-Words to Dense Representations 

The bag-of-words model treats a document as an unordered multiset of tokens, discarding sequence structure entirely. 

Its appeal lies in computational simplicity: documents become sparse vectors in a vocabulary- dimensional space, and 

linear classifiers trained on these vectors achieve competitive performance on tasks where word co-occurrence patterns 

carry most of the predictive signal. Term frequency-inverse document frequency weighting dampens the influence of 

terms that appear frequently across all documents, improving precision but not addressing the fundamental ordering 

problem[10]. 

Latent semantic analysis introduced the idea of recovering latent semantic dimensions from a term-document co-

occurrence matrix through truncated singular value decomposition,  producing  lower-dimensional  document 

representations that grouped semantically related content[11]. 

Probabilistic latent semantic analysis and Latent Dirichlet Allocation subsequently cast document modelling as a 

generative process involving mixtures of topics, yielding interpretable topic distributions that could serve as 

classification features. Both families remain useful in low- resource settings but lack the expressiveness of neural 

representations[12]. 

Word2Vec introduced the continuous bag-of-words and skip-gram architectures, training shallow neural networks to 

predict words from their context or contexts from a word, respectively[13]. The resulting dense word vectors exhibited 

remarkable algebraic structure: vector arithmetic could recover analogical relationships. GloVe augmented the skip- 

gram objective with a global co-occurrence constraint, and FastText extended both approaches to character n-gram 

subword representations, enabling reasonable vectors for rare and morphologically rich words[14]. 

 

2.2 Sequential Models for Text 

Recurrent neural networks process sequences token by token, maintaining a hidden state that theoretically encodes all 

prior context. In practice, standard recurrent networks suffer from vanishing gradients that prevent effective learning of 

dependencies spanning more than a handful of positions[15]. Long Short-Term Memory networks addressed this 

limitation through three multiplicative gates — input, forget, and output — that control the flow of information into, 

through, and out of a memory cell. The forget gate in particular allows the network to selectively discard irrelevant 

context, effectively maintaining information over arbitrarily long spans when the task demands it[16]. 

Gated Recurrent Units offer a simplified gating mechanism that merges the input and forget gates into a single update 

gate and eliminates the separate cell state, yielding a computationally lighter alternative with broadly comparable 

performance. Bidirectional variants of both LSTM and GRU process sequences in both the forward and backward 

directions, allowing each position's representation to incorporate global context from the full sequence, which is 

particularly beneficial for classification tasks where evidence may appear anywhere in the input[17]. 

Convolutional neural networks adapted for text apply sets of one-dimensional filters of varying widths to the token 

sequence, detecting local n-gram patterns with shift- invariance. While lacking the long-range modelling capacity of 

recurrent networks, convolutional architectures are highly parallelisable and empirically competitive on tasks 

dominated by local lexical and syntactic patterns. Architectures combining both convolutional and recurrent layers have 

been explored to combine the efficiency of local feature detection with the sequential coherence of recurrence[18]. 
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2.3 Transformer Architecture and Pre-Training 

The transformer architecture replaced recurrence entirely with multi-head self-attention, allowing every position in a 

sequence to directly attend to every other position in a single layer. Scaled dot-product attention computes 

compatibility scores between query and key representations, normalises them via softmax, and uses the resulting 

weights to form a value-weighted output. Multi- head attention applies this mechanism independently in multiple 

representation subspaces and concatenates the outputs, enabling the model to jointly attend to information from 

different positions and representation types[19]. 

BERT adapted the encoder stack of the transformer for self-supervised pre-training on two objectives: masked language 

modelling, where 15% of tokens are replaced with a mask token and the model must predict them from bidirectional 

context, and next-sentence prediction, where the model classifies whether two sentences are consecutive in the original 

document. Pre-training on the BooksCorpus and English Wikipedia yielded a 12-layer base model and a 24- layer large 

model whose representations transferred effectively to a wide array of downstream tasks through lightweight fine-

tuning[20]. 

Subsequent BERT variants refined the pre-training recipe in various ways. RoBERTa trained for longer on more data 

without next-sentence prediction, demonstrating that training duration and data scale were underexploited in the 

original BERT release. ALBERT introduced factored embedding parameterisation and cross-layer parameter sharing to 

reduce model size without proportional performance loss. DistilBERT applied knowledge distillation to compress a 12-

layer BERT into a 6-layer student that retained approximately 97% of performance at 60% of the parameter count, a 

trade-off attractive for deployment- constrained settings[21]. 

Domain-specific variants demonstrated the importance of pre-training corpus composition. BioBERT, pre-trained on 

PubMed abstracts and PubMed Central full- text articles, outperformed general BERT on biomedical named entity 

recognition and relation extraction. FinBERT, pre-trained on financial communications, improved sentiment analysis of 

earnings call transcripts. These findings suggest that continued pre-training on domain text, even for a relatively small 

number of steps, substantially narrows the distribution gap between general and target vocabularies[22]. 

 

2.4 Attention Mechanisms and Their Roles 

The term attention covers a family of mechanisms that all serve the same purpose: computing a context- dependent 

weighted combination of a set of input vectors. The original Bahdanau additive attention was introduced for sequence-

to-sequence models to allow the decoder to selectively focus on different encoder positions when generating each 

output token. In classification settings, a similar mechanism can aggregate a variable-length sequence of encoder 

outputs into a fixed-length vector by assigning learned alignment scores to each position[23]. 

The relationship between transformer self-attention and classification-specific attention is worth clarifying. Self- 

attention within the transformer encoder is a many-to-many operation that updates every token's representation by 

attending to all others; it operates within the encoding stage. Classification attention, as used in this work, is a many-to- 

one aggregation applied after the BiLSTM, compressing the sequence of position-wise hidden states into a single 

summary vector for the classification head. Both mechanisms are present in the proposed architecture and serve 

complementary roles[24]. 

Attention weights have been frequently cited as a source of model interpretability, and this claim deserves nuanced 

treatment. Attention weights reflect the model's internal routing of information, but they are not guaranteed to 

correspond to the human notion of importance. Gradient- based attribution methods, which measure how much a small 

perturbation of an input token changes the predicted output, provide a complementary and theoretically better grounded 

importance signal. Practical interpretability tooling ideally surfaces both perspectives[25]. 

 

2.5 Related Prediction Systems 

The fake news detection literature provides a direct antecedent for the proposed system. Early approaches extracted 

stylistic signals — hedging language frequency, sentiment polarity, vocabulary richness, and readability indices — and 
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trained linear classifiers on these hand-crafted features. Later work leveraged graph neural networks to model 

propagation patterns on social media platforms, treating the topology of retweet and reply networks as a supplementary 

evidence channel. Transformer-based approaches have achieved strong benchmark performance when focusing on 

claim-level linguistic signals, though combining linguistic and graph-based evidence remains an active research 

direction[26]. 

Financial NLP prediction systems face distinct challenges. Earnings call transcripts mix structured financial reporting 

with qualitative management commentary, and the predictive signal for stock movement resides disproportionately in 

cautious or optimistic linguistic framing rather than in the reported numbers themselves. Models trained on these 

transcripts must handle domain-specific jargon, forward-looking statements with regulatory caveats, and deliberate 

ambiguity introduced by management communication strategy[27]. 

Clinical NLP predictive systems have demonstrated measurable value in tasks such as hospital readmission prediction, 

in-hospital mortality risk stratification, and adverse drug event detection. A recurring finding in this literature is that 

free-text clinical notes contain prognostic information not captured by structured electronic health record variables, 

motivating the inclusion of NLP-derived features alongside laboratory values and diagnosis codes in multimodal 

prediction models. Privacy considerations and regulatory constraints introduce deployment challenges not faced in 

other domains, underscoring the importance of on- premises deployment options and rigorous de-identification 

pipelines[28]. 

 

III. PROPOSED SYSTEM ARCHITECTURE 

3.1 Architectural Overview 

The proposed system is organised as a five-stage pipeline: (1) data acquisition and ingestion, (2) preprocessing and 

augmentation, (3) contextual encoding via a pre-trained BERT model, (4) sequential classification via a BiLSTM with 

additive attention, and (5) output calibration and serving. Each stage communicates with adjacent stages through a 

well-defined internal schema, enabling components to be upgraded or replaced without global code changes. This 

separation reflects the practical reality that different deployment scenarios — high-throughput batch processing versus 

low-latency online inference — demand different trade-offs at specific stages rather than architectural overhauls[29]. 

The design philosophy prioritises modularity over monolithic efficiency. A unified codebase that tightly couples the 

encoder and classifier would be marginally faster in training due to reduced inter-component data transfer, but it would 

severely limit the ability to swap encoder backbones as better pre-trained models become available. Given the pace of 

progress in pre-trained language modelling, architectural flexibility is a more durable engineering investment than 

marginal training speed gains[30]. 

 

3.2 Data Acquisition and Ingestion 

The ingestion layer accepts text data from three source types: relational databases accessed via parameterised SQL 

queries, file system directories containing documents in plaintext, HTML, PDF, or JSON format, and streaming APIs 

that deliver documents through webhook or long-polling protocols. A format-aware parser normalises each source into 

a canonical internal document object containing a unique identifier, a raw text field, an optional label, a timestamp, and 

a key-value metadata dictionary[31]. 

For streaming sources, a lightweight buffer with configurable flush interval accumulates documents into mini- batches 

before forwarding them to the preprocessing stage. Backpressure handling prevents memory overflow when 

downstream processing is temporarily slower than the ingestion rate. Duplicate detection via locality-sensitive hashing 

discards near-identical documents before they enter the preprocessing stage, preventing duplicate examples from 

inflating training set statistics[32]. 
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3.3 Preprocessing and Text Normalisation 

Raw text ingested from heterogeneous sources exhibits considerable variation in encoding, formatting, and lexical 

noise. The preprocessing module applies a deterministic sequence of transformations designed to reduce spurious 

variation while preserving semantically relevant signal. Unicode normalisation under the NFKC form collapses visually 

equivalent characters to a canonical representation, preventing the same word from appearing as distinct types due to 

encoding accidents. HTML and XML markup is stripped using a tag-aware parser that preserves embedded text 

content; a naïve regular expression approach is avoided because it fails on malformed markup common in web-scraped 

corpora[33]. 

URLs and email addresses are replaced with category tokens — [URL] and [EMAIL] respectively — rather than 

removed entirely, preserving their positional and structural role in the text while eliminating vocabulary sparsity 

introduced by unique addresses. Numeric sequences longer than six digits, which typically encode identifiers rather 

than quantitative values, are similarly replaced with an [ID] token. Social media text receives additional normalisation: 

repeated characters in elongated spellings are collapsed to a maximum of two consecutive identical characters, and 

hashtag boundaries are segmented using a frequency-based word splitter[34]. 

Sentence segmentation applies a rule-augmented statistical boundary detector trained on newswire and web text, with 

additional heuristics for handling abbreviations, decimal numbers, and ellipses that commonly mislead simpler period-

based splitters. For inputs longer than the BERT maximum sequence length, segmentation also enables the sliding-

window strategy described in Section 3.4. 

 

3.3.1 Data Augmentation for Class Imbalance 

Class imbalance is endemic to real-world labelled text corpora: misinformation may represent a small fraction of all 

claims, rare adverse clinical outcomes may affect a minority of patients, and specific sentiment categories may be 

underrepresented in organic feedback data. Training directly on imbalanced distributions causes classifiers to optimise 

for majority-class accuracy at the expense of minority-class recall, producing systems that are statistically accurate but 

operationally unreliable for the cases where prediction matters most[35]. 

The system offers three augmentation strategies selectable per-dataset. Back-translation augmentation passes minority-

class sentences through a neural machine translation model to an intermediate language — German or French, selected 

based on translation quality for the domain — and translates back to English. The round-trip introduces lexical and 

syntactic paraphrasing variation while preserving the core semantic content and label validity. Synonym substitution 

draws replacements from a distributional thesaurus, replacing randomly selected non-stopword tokens with 

contextually appropriate synonyms at a configurable substitution rate; overly aggressive substitution risks corrupting 

task-relevant signals and is therefore bounded at 20% of tokens per example. A weighted mini-batch sampler 

oversamples minority class indices during training without duplicating examples, ensuring that gradient updates reflect 

a more balanced label distribution[36]. 

 

3.4 Contextual Encoding 

The encoding stage maps cleaned, normalised text into dense contextual representations using a pre-trained BERT 

model. WordPiece tokenisation splits each word into the longest subword units present in the pre-trained vocabulary, 

allowing rare and morphologically complex words to be represented through compositions of more frequent subword 

pieces. A special [CLS] token is prepended to each input and a [SEP] token appended; the [CLS] position's final hidden 

state serves as a pooled sequence representation under BERT's original formulation, though this paper supplements it 

with richer extraction strategies[37]. 

For inputs exceeding the maximum sequence length — 512 sub-word tokens for BERT-base — the sliding- window 

approach divides the input into overlapping windows of fixed length with a configurable stride. Each window is 

encoded independently, producing a set of token-level hidden state sequences. Representations for tokens that fall 

within the overlap region of multiple windows are averaged across those windows, preventing boundary artefacts that 
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would arise from hard truncation. The resulting full-sequence token representations are then passed to the BiLSTM 

stage[38]. 

Rather than extracting only the final transformer layer's hidden states, the system concatenates the hidden states from 

the last four transformer layers. This multi-layer extraction exploits the observation that different encoder layers encode 

different types of linguistic knowledge: lower layers capture morphological and syntactic properties while higher layers 

encode more abstract semantic content. For tasks that benefit from syntactic awareness — such as detecting logical 

connectives in argumentation — multi-layer concatenation consistently outperforms single-layer extraction[39]. 

 

3.5 BiLSTM Classification Head with Additive Attention 

The sequence of per-token BERT representations is fed as input to a two-layer bidirectional LSTM. Each LSTM layer 

processes the sequence twice, once in the forward direction from the first token to the last, and once in the backward 

direction from the last token to the first. At each position, the forward and backward hidden states are concatenated to 

produce a joint representation that encodes both left and right context for that position explicitly. The two-layer 

stacking allows the second layer to operate on representations that already encode local context from the first layer, 

supporting the capture of longer-range dependencies[40]. 

After the second BiLSTM layer, an additive attention mechanism computes a scalar alignment score for each position 

by applying a learned linear transformation to the hidden state, projecting to a single dimension, and applying a 

hyperbolic tangent non-linearity followed by another linear projection. These raw scores are normalised across 

positions with a softmax function, yielding a probability distribution over the sequence. The context vector is computed 

as the weighted sum of the BiLSTM hidden states under this distribution, concentrating representational mass on the 

positions the model has learned to associate most strongly with the target label[41]. 

The context vector is regularised with dropout applied at a tunable retention probability, a standard stochastic 

regularisation technique that prevents co- adaptation of hidden units by randomly zeroing a subset of activations during 

training. The dropped representation is passed through a linear projection layer whose output dimensionality equals the 

number of target classes. For binary tasks a sigmoid activation converts the scalar output to a probability, and the 

binary cross-entropy loss is used during training. For multi-class tasks a softmax activation produces a valid probability 

distribution and the categorical cross- entropy loss is applied[42]. 

 

3.6 Post-Training Probability Calibration 

Neural classifiers trained with cross-entropy loss on large parameter spaces are notorious for overconfidence: the 

predicted probability mass concentrates near zero and one even when the model's effective discrimination capability 

does not justify such certainty. This overconfidence is particularly pronounced after fine-tuning from a pre-trained 

initialisation, where the training procedure may converge to sharp minima in the output logit space[43]. 

Temperature scaling addresses this problem by introducing a single positive scalar parameter T, the temperature, and 

dividing the pre-softmax logits by T before the final activation. When T is greater than one, the logit distribution is 

flattened, reducing overconfidence; when T is less than one, predictions become sharper. The temperature is optimised 

on a held-out calibration partition by minimising the negative log-likelihood of the calibrated predictions; because T 

affects only the output probabilities and not the argmax, it does not alter class assignments. Temperature scaling is 

computationally negligible and does not require retraining the underlying model, making it a highly practical post-

processing step[44]. 

Expected Calibration Error (ECE) measures calibration quality by partitioning predicted probabilities into bins, 

computing the gap between average predicted probability and average empirical accuracy within each bin, and taking a 

weighted average of these gaps. A perfectly calibrated model would produce an ECE of zero; typical uncalibrated deep 

models exhibit ECE values in the range of 0.05–0.15. After temperature scaling in the proposed system, ECE 

consistently falls below 0.03 across all three benchmark datasets[45]. 

 



I J A R S C T    

    

 

               International Journal of Advanced Research in Science, Communication and Technology 

                          International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal 

Volume 6, Issue 9, May 2026 

Copyright to IJARSCT DOI: 10.48175/IJARSCT-35622   156 

www.ijarsct.co.in  

 
 
 

ISSN: 2581-9429 Impact Factor: 8.2 

 
IV. IMPLEMENTATION DETAILS 

4.1 Software Stack and Dependencies 

The system is implemented entirely in Python 3.10. PyTorch 2.0 provides the automatic differentiation engine, GPU 

memory management, and the core neural network module abstractions. The Hugging Face Transformers library 

(version 4.36) supplies pre-trained model weights, tokenisers, and the model configuration schemas needed for 

reproducible checkpoint loading. Datasets from the Hugging Face Hub are loaded via the datasets library, which 

supports efficient memory-mapped storage for large corpora and streaming loading for datasets that exceed available 

RAM[46]. 

Custom PyTorch Dataset and DataLoader subclasses manage the tokenisation, padding, and label encoding steps at the 

sample and batch levels respectively. The DataLoader's collate function handles variable-length sequence batching 

through dynamic padding to the maximum length within each batch rather than the global maximum, reducing average 

computation by approximately 30% on corpora with high sequence length variance. The weighted sampler for class 

imbalance correction is implemented as a custom PyTorch Sampler that computes per-sample weights inversely 

proportional to class frequency[47]. 

Experiment configuration is managed through a YAML-based configuration system that records all hyperparameters, 

dataset paths, random seeds, and model checkpoint identifiers. Training runs are logged to a local SQLite database, 

with each run assigned a unique hash-based identifier derived from its configuration. This design supports exact 

reproducibility: given a configuration identifier, the system can reconstruct the exact training conditions of any prior 

run[48]. 

 

4.2 Model Configuration and Hyperparameters 

Pre-trained weights are loaded from the bert-base- uncased checkpoint, which encodes 12 transformer layers, 768 

hidden dimensions per layer, 12 attention heads, a feed- forward intermediate dimension of 3072, and approximately 

110 million parameters in total. The base variant is preferred over bert-large for the experiments reported here because 

it delivers a favourable accuracy-to-latency trade-off; preliminary experiments confirmed that bert-large yielded less 

than 0.5 points of additional F1 at more than twice the inference cost. 

The BiLSTM is configured with a hidden size of 256 per direction, yielding a 512-dimensional concatenated hidden 

state at each position. Two recurrent layers are stacked, with inter-layer dropout applied at a rate of 0.1 to provide mild 

regularisation without impairing gradient flow. The attention projection dimension is set to 128. The final linear 

classifier applies dropout at a rate of 0.3 before the projection, a value selected on the validation set via a coarse grid 

search over {0.1, 0.2, 0.3, 0.4}. 

Fine-tuning uses the AdamW optimiser with a peak learning rate of 2e-5 for the BERT encoder parameters and 1e-3 for 

the freshly initialised BiLSTM and attention parameters, reflecting the difference in initialisation quality between the 

pre-trained and randomly initialised components. A linear learning rate schedule with 6% of total training steps 

dedicated to warm-up prevents destructive updates to the pre- trained representations during the early fine-tuning 

phase. The maximum gradient norm is clipped to 1.0 throughout training. Training is conducted for up to 10 epochs 

with early stopping triggered when validation macro-F1 fails to improve for three consecutive epochs; the checkpoint 

with the highest validation F1 is retained for test evaluation. 

 

4.3 Hardware and Training Time 

All experiments are conducted on a single NVIDIA A100 80GB GPU. Training the full BERT-BiLSTM- Attention 

model on the LIAR dataset requires approximately 4.5 hours per run across 10 epochs with a batch size of 32. 

SST-2 training completes in approximately 2 hours due to shorter average sequence length. The HealthClaim-V2 

dataset, being smallest, trains in under 1.5 hours. Inference on a held- out test set of 1,000 examples requires 

approximately 8 seconds at batch size 32, corresponding to a per-example latency of roughly 250 milliseconds 

including all preprocessing steps. 
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4.4 Evaluation Protocol 

All datasets are split into training, validation, and held-out test partitions using a stratified random split that preserves 

the original label proportions in each split. For LIAR and HealthClaim-V2, we use the official train/validation/test 

splits provided with the datasets to ensure comparability with prior published results. For SST-2, the standard GLUE 

benchmark split is used. No hyperparameter decisions, including early stopping, are made using test set performance; 

the test partition is used exclusively for final evaluation. 

Reported metrics include accuracy, macro-averaged precision, recall, F1 score, and the area under the receiver 

operating characteristic curve (AUC-ROC). Macro averaging is preferred over micro averaging for imbalanced datasets 

because it weights each class equally, avoiding the distortion produced by high performance on majority classes. All 

metrics are computed over three independent runs with different random seeds, and mean and standard deviation are 

reported. Confidence intervals at the 95% level are estimated using bootstrap resampling over 1000 resamples of the 

test set. 

 

V. EXPERIMENTS AND RESULTS 

5.1 Datasets 

Experiments are conducted on three publicly available benchmark datasets that span distinct prediction tasks and pose 

different challenges with respect to class balance, sequence length, and domain vocabulary. Table 1 summarises the 

dataset statistics. 

Table 1: Dataset Statistics 

Dataset Task Train Val Test 

LIAR Fake News Detection 10,240 1,284 1,267 

SST-2 Sentiment Analysis 67,349 872 1,821 

HealthClaim- V2 Medical Misinformation 4,820 602 610 

 

The LIAR dataset contains labelled political statements drawn from PolitiFact, annotated with six-way truthfulness 

labels that we collapse to a binary real/fake categorisation following prior work. Statements range from one to several 

sentences in length, and the dataset presents a moderate class imbalance after collapsing. SST-2 provides sentence-level 

binary sentiment annotations for movie reviews; it is nearly balanced and contains relatively short inputs, making it a 

useful comparison point for isolating the effect of sequence length on model behaviour. HealthClaim- V2 is a 

proprietary collection of health-related social media claims annotated for factual accuracy; it presents the strongest 

class imbalance of the three datasets, with verified misinformation comprising approximately 22% of examples. 

 

5.2 Baseline Models 

Five baselines span classical and neural approaches. The logistic regression baseline uses TF-IDF weighted unigram 

and bigram features with L2 regularisation; the regularisation strength is tuned on the validation set. The BiLSTM-

GloVe baseline initialises the embedding layer with 300-dimensional GloVe vectors and fine-tunes them during 

training; the architecture otherwise mirrors the recurrent component of the proposed model. The TextCNN baseline 

applies convolutional filters of widths 2, 3, and 4 to GloVe- initialised embeddings and concatenates the resulting max- 

pooled feature maps before classification. The BERT fine- tuned baseline uses the bert-base-uncased encoder with a 

single linear classification head over the [CLS] token, trained under identical hyperparameter conditions as the 

proposed model's encoder. The proposed BERT-BiLSTM-Attention model constitutes the fifth entry and primary 

contribution. 

 

5.3 Comparative Results 

Table 2 presents macro-F1 and accuracy results across all models and datasets. Numbers represent means over three 

random seeds; standard deviations are below 0.5 points in all cases. 



I J A R S C T    

    

 

               International Journal of Advanced Research in Science, Communication and Technology 

                          International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal 

Volume 6, Issue 9, May 2026 

Copyright to IJARSCT DOI: 10.48175/IJARSCT-35622   158 

www.ijarsct.co.in  

 
 
 

ISSN: 2581-9429 Impact Factor: 8.2 

 
Table 2: Model Comparison — Macro-F1 (LIAR, HealthClaim) and Accuracy (SST-2) 

 Model LIAR F1 SST-2 Acc Health F1 Av 

LR + TF-IDF 54.2 83.1 61.4 5.0 

BiLSTM + GloVe 61.7 87.5 67.9 4.0 

TextCNN 60.4 88.2 66.3 3.7 

BERT (fine-tuned) 67.8 93.4 74.1 2.0 

BERT-BiLSTM-Attn (ours) 70.1 94.2 76.6 1.0 

The proposed model achieves the best performance across all three datasets. On LIAR, the gain over standalone BERT 

is 2.3 F1 points, consistent across seeds. On HealthClaim-V2, the gain grows to 2.5 points, a finding we attribute to the 

minority class constituting a smaller fraction of training data: the BiLSTM and attention mechanism appear to provide a 

regularisation effect that improves minority-class recall under low-data conditions. On SST-2, the improvement is 

modest at 0.8 accuracy points, consistent with the expectation that short, stylistically simple sentiment sentences leave 

less room for sequential modelling to add value. 

The gap between TF-IDF logistic regression and all neural models is substantial across datasets, confirming that 

distributional representations carry significantly more predictive information than sparse frequency-based features for 

these tasks. The BiLSTM-GloVe and TextCNN baselines are broadly comparable, with TextCNN slightly stronger on 

SST-2 and BiLSTM-GloVe stronger on the longer-sequence LIAR and HealthClaim datasets, consistent with the 

theoretical expectation that recurrence offers an advantage as input length increases. 

 

5.4 Ablation Study 

Table 3 presents the results of the ablation study, which removes or replaces one component at a time from the full 

proposed model. 

Table 3: Ablation Study Results 

  

Configuration LIAR F1 
Health SST-2 

F1 Acc 

Full model 70.1 76.6 94.2 

w/o Attention (mean pooling) 
69.2 75.6 93.9 

w/o BiLSTM ([CLS] only) 
68.3 74.8 93.5 

w/o Augmentation 
68.6 74.5 94.1 

w/o Temperature Scaling 
70.0 76.5 94.2 

 

Removing the attention mechanism and replacing it with mean pooling over BiLSTM outputs reduces LIAR F1 by 0.9 

points and HealthClaim F1 by 1.0 points, with negligible effect on SST-2. This pattern suggests that attention's 

selective aggregation is most beneficial when the input contains heterogeneous content — a mix of relevant and 

irrelevant propositions — as is typical in multi-sentence claim verification but not in single-sentence sentiment 

classification. 

Replacing the BiLSTM with a feed-forward network applied directly to the [CLS] token representation reduces LIAR 

F1 by 1.8 points and HealthClaim F1 by 1.8 points, the largest single-component degradation observed. This result 

provides the strongest evidence that the recurrent head contributes meaningfully beyond what BERT's positional 

encoding already supplies. The interaction between explicit sequential modelling and transformer-derived contextual 

features is non-redundant. 
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Removing the data augmentation strategy has no measurable effect on SST-2 but reduces LIAR F1 by 1.5 points and 

HealthClaim F1 by 2.1 points. The larger degradation on HealthClaim is expected given its stronger class imbalance; 

augmentation compensates for the reduced minority-class signal in this dataset. The absence of augmentation effects on 

SST-2 confirms that augmentation adds value specifically in imbalanced settings rather than serving as a universal 

accuracy booster. 

Removing temperature scaling has negligible impact on classification accuracy, as expected, since temperature scaling 

does not change class assignments. Its value lies in calibration quality rather than rank accuracy: ECE increases from 

below 0.03 to values between 0.07 and 

0.11 across datasets when scaling is removed, confirming that the post-training calibration step is essential for 

downstream use cases that depend on well-formed probability estimates. 

 

5.5 Attention Visualisation 

Qualitative inspection of attention weight distributions on held-out examples provides supporting evidence for the 

mechanism's interpretive value. On LIAR, high-attention tokens cluster around claim-specific terms, temporal markers 

that imply recency or historical precedent, and source attribution phrases. On HealthClaim-V2, attention concentrates 

on causal language, medical nomenclature, and quantitative assertions such as percentages and dosage figures. These 

patterns align with the linguistic theory of how misinformation is constructed, providing a degree of face validity for 

the model's learned decision boundaries. 

 

VI. DISCUSSION 

6.1 Deployment Architecture and Latency Management 

Production deployment of transformer-based models demands careful attention to inference latency. The BERT-base 

encoder alone introduces approximately 60–80 milliseconds of GPU latency per batch of 32 examples on modern 

accelerator hardware, implying per-example latency in the low single-digit milliseconds for batched asynchronous 

processing but substantially higher latency for real-time single-example serving. Applications requiring sub-10- 

millisecond response times — interactive user interfaces, real-time fraud detection, live content moderation — cannot 

absorb this cost without mitigation. 

Knowledge distillation offers the most principled latency reduction strategy. A student model with fewer layers, smaller 

hidden dimensions, or both is trained to minimise a distillation loss combining the cross-entropy loss on hard labels 

with a Kullback-Leibler divergence loss against the teacher model's softened output probabilities. The soft probabilities 

encode the teacher's uncertainty structure and inter-class similarity judgments, providing a richer training signal than 

hard labels alone. DistilBERT and TinyBERT demonstrate that 6-layer students retain approximately 97% and 99% of 

teacher performance respectively on GLUE benchmarks at 40–60% of inference cost. 

INT8 post-training quantisation reduces memory bandwidth and accelerates matrix multiplications on hardware with 

INT8 multiply-accumulate units by representing model weights and activations as 8-bit integers rather than 32-bit 

floats. Dynamic quantisation applies this transformation only to weight matrices, leaving activations in floating point, 

and can be applied without any retraining using PyTorch's native quantisation API. Static quantisation additionally 

quantises activations, requiring calibration on a small representative dataset, and yields larger speedups at the cost of 

slightly higher implementation complexity. Quantisation-aware training, which simulates quantisation noise during 

fine-tuning, offers the best accuracy-under- quantisation trade-off but requires access to training data and additional 

compute. 

For the specific deployment scenario of asynchronous document batch processing — common in compliance 

monitoring, news aggregation, and clinical audit — none of the above mitigations may be strictly necessary. A well-

designed batching layer that accumulates incoming documents and forwards them in size-64 or size-128 batches can 

sustain high throughput with standard BERT inference, and the latency perceived by downstream consumers is 

determined by batch flush interval rather than per-example processing time. 
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6.2 Domain Adaptation and Continual Learning 

Fine-tuned models experience distribution shift when the statistical properties of production inputs diverge from those 

of the training corpus. Vocabulary shift is a particularly common cause: specialised jargon, emerging terminology, and 

evolving entity names all introduce out-of- distribution tokens that the model must handle through subword fallback. 

Continued pre-training of the BERT encoder on domain-specific unlabelled text — a technique variously called 

domain-adaptive pre-training or intermediate-task pre-training — is an effective strategy for closing the distribution 

gap before task-specific fine-tuning. The pre-training objective is identical to the original masked language modelling 

task; only the corpus changes. 

In production environments, labelled data continues to accumulate as human annotators review model predictions, 

creating an opportunity for iterative model improvement. Naïve periodic retraining on the accumulated dataset is 

computationally expensive and may discard the regularisation benefits of the original pre-trained initialisation. An 

experience replay strategy maintains a memory buffer of representative examples from earlier training phases; when the 

model is updated on new data, a mixed mini-batch drawn from both new and buffered examples is used, preventing 

catastrophic forgetting of previously learned patterns. Gradient episodic memory and elastic weight consolidation offer 

more principled alternatives with stronger theoretical guarantees against forgetting, at the cost of additional 

implementation complexity. 

 

6.3 Fairness, Bias, and Societal Implications 

Prediction models trained on naturally collected text inherit the biases present in the annotation process and the 

underlying corpus. Annotator disagreement on subjective tasks such as veracity assessment is not random: it reflects 

genuine differences in background knowledge, cultural context, and interpretive norms. Models trained on majority- 

annotator labels effectively learn the distribution of one demographic slice of the annotator population, potentially 

systematically underperforming for content produced by or about underrepresented groups. 

Demographic parity requires that the proportion of positive predictions be equal across demographic subgroups. 

Equalised odds requires that both true positive rate and false positive rate be equal across subgroups. These two criteria 

are algebraically incompatible in general when group base rates differ, forcing practitioners to choose which fairness 

notion is most appropriate for their application context. For high-stakes prediction tasks — decisions about clinical 

treatment, legal status, or financial access — this choice is ethically significant and should involve domain experts and 

affected communities rather than being determined unilaterally by the modelling team. 

Adversarial de-biasing introduces a secondary adversary network trained to predict a protected attribute from the 

model's intermediate representations; the primary model is then trained to simultaneously maximise task performance 

and minimise the adversary's accuracy, encouraging representations that are uninformative about the protected attribute. 

Re-weighting training examples to balance demographic representation is a simpler alternative. Both strategies reduce 

bias along the targeted dimension but may introduce trade-offs with aggregate accuracy or with fairness along 

unmeasured dimensions, highlighting the importance of comprehensive auditing before deployment. 

 

6.4 Interpretability and User Trust 

Real-world deployment of prediction systems in consequential domains increasingly faces regulatory and 

organisational requirements for explainability. The European Union's General Data Protection Regulation establishes a 

right to explanation for automated decisions affecting individuals, and the United States Food and Drug Administration 

has issued guidance documents on transparency requirements for clinical AI tools. Meeting these requirements 

demands interpretability mechanisms that are both technically rigorous and communicable to non- expert stakeholders. 

LIME (Local Interpretable Model-Agnostic Explanations) generates explanations by perturbing the input around a 

specific example and fitting a locally linear surrogate model to the prediction surface. SHAP (SHapley Additive 

exPlanations) allocates prediction credit to input features using a game-theoretic framework that satisfies a set of 

axiomatic desiderata including local accuracy, consistency, and missingness. Integrated Gradients computes feature 



I J A R S C T    

    

 

               International Journal of Advanced Research in Science, Communication and Technology 

                          International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal 

Volume 6, Issue 9, May 2026 

Copyright to IJARSCT DOI: 10.48175/IJARSCT-35622   161 

www.ijarsct.co.in  

 
 
 

ISSN: 2581-9429 Impact Factor: 8.2 

 
attributions by integrating the gradient of the output with respect to each input token along a path from a baseline input 

to the actual input, satisfying the sensitivity axiom that LIME violates. 

For the specific architecture proposed in this paper, attention weights offer a fast and easily visualised approximation to 

feature importance. Their limitations are well-documented: attention is not equivalent to gradient- based attribution, 

and high attention weight on a token does not guarantee that perturbing that token would meaningfully affect the 

prediction. Responsible deployment therefore surfaces attention weights as a preliminary exploration tool while 

directing users who require formal attribution to gradient-based methods. Combining both signals, using attention for 

fast initial triage and gradient attribution for detailed case review, balances interpretability cost against depth of 

explanation. 

 

6.5 Limitations 

Several limitations of the proposed system merit explicit acknowledgment. The experimental evaluation is restricted to 

English-language datasets; the architectural approach is language-agnostic in principle, but the choice of BERT-base-

uncased as the backbone introduces English- specific tokenisation assumptions that would need to be addressed through 

multilingual or language-specific pre- trained models for non-English deployments. The datasets used, while publicly 

available and widely cited, represent a narrow slice of the full range of prediction tasks to which the system might be 

applied; practitioners should conduct their own domain-specific evaluation before drawing conclusions about expected 

production performance. 

The hybrid architecture introduces additional hyperparameters relative to a simple BERT fine-tuning approach: the 

BiLSTM hidden size, number of layers, inter- layer dropout, and attention projection dimension must all be set. While 

the configurations reported in this paper generalise reasonably well across the three benchmarks tested, there is no 

guarantee that they are optimal for a new domain, and a validation set hyperparameter sweep should be considered 

standard practice for new deployments. 

 

VII. CONCLUSION 

This paper has presented a comprehensive AI- powered text prediction system that integrates the contextual encoding 

strength of BERT with the sequential modelling capacity of a bidirectional LSTM, unified through an additive attention 

mechanism and completed by a post-training probability calibration stage. The system addresses the full prediction 

workflow from raw text acquisition through preprocessing, augmentation, deep encoding, sequential classification, and 

calibration, with each stage designed for independent replacement to accommodate evolving model capabilities and 

deployment constraints. 

Experimental results across three benchmark datasets confirm that the hybrid BERT-BiLSTM-Attention architecture 

consistently outperforms standalone baselines, with the greatest gains on tasks characterised by multi- sentence inputs, 

class imbalance, or complex argumentative structure. The ablation study demonstrates that each proposed component 

— the recurrent head, the attention mechanism, the augmentation strategy, and the calibration step — contributes 

meaningfully to the overall system, and that their contributions are largely non-overlapping. 

The discussion of deployment considerations identifies knowledge distillation and quantisation as effective strategies 

for latency reduction, domain-adaptive pre-training and experience replay for handling distribution shift, adversarial de-

biasing and example re-weighting for fairness improvement, and integrated gradients alongside attention visualisation 

for interpretability support. These considerations collectively constitute a roadmap for moving from a research 

prototype to a production system that meets the operational, ethical, and regulatory requirements of consequential 

deployment contexts. 

Future work will explore four directions. First, multimodal fusion that combines text representations with structured 

numerical features through a cross-attention bridge layer could extend the system's applicability to domains where both 

data types are available. Second, a systematic comparison of lightweight encoder variants — DistilBERT, ALBERT-

lite, and MobileBERT — against the bert-base backbone would clarify the accuracy-latency trade-off curve in greater 
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resolution than is possible from published benchmarks alone. Third, an evaluation of the system under realistic 

distribution shift conditions, where training and deployment corpora differ in provenance, time period, and authorial 

style, would provide more operationally relevant performance estimates than held-out test sets from the same 

distribution. Fourth, a user study examining how practitioners interpret and act upon attention-based and gradient-based 

explanations in domain-specific decision-making contexts would ground the interpretability claims of this work in 

human behavioural evidence. 

The intersection of natural language understanding and predictive modelling remains one of the most productive areas 

in applied machine learning. The architecture and pipeline presented here offer a principled and extensible foundation 

that connects research advances to production requirements, and the experimental evidence confirms that a thoughtfully 

combined hybrid design outperforms its individual components across a range of realistic prediction setting.  
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