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Bidirectional Encoder Representations from Transformers (BERT) has become a paradigm shift
in natural language processing (NLP). This scientometric study analyzes a curated dataset of
200 highly-cited Scopus publications to map the intellectual landscape and research trajectories
catalyzed by BERT and other transformer models. The study discloses a quick evolution from
foundational architectural innovations and pre-training paradigms to widespread domain adap-
tation, rigorous model optimization for efficiency, and critical examination of model capabilities
and societal effects. The literature shows BERT's role as a foundational model, successfully
implemented in diverse fields such as biomedicine, education, and software engineering, while
simultaneously spurring substantial research into compression, quantization, and efficient infer-
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ence. A parallel and influential strand of studies emerged concentrated on “BERTology”, giving
the linguistic knowledge and biases encoded within these models, and addressing ethical con-
cerns regarding their deployment. The study synthesizes these developments, presenting how
BERT not only set new performance benchmarks but also built a new paradigm for transfer
learning and spurred a self-critical research community, ultimately paving the way for the pre-
sent era of large language models.

© 2026 by the authors; licensee Growing Science, Canada.

1. Introduction

The field of natural language processing (NLP) has been under a significant transformation, moving from traditional task-
specific techniques which was primarily based on extensive feature engineering to a new paradigm more by deep, contex-
tualized language representations. The subsequent paradigm shift was combined with the advent of transformer-based ar-
chitectures, with the Bidirectional Encoder Representations from Transformers (BERT) model (Devlin et al., 2019) repre-
senting as a seminal milestone. The BERT model was first introduced in 2018 and its core innovation lay in its pre-training
strategy. By leveraging a heavy bidirectional transformer architecture and implementing novel objectives like Masked Lan-
guage Modeling (MLM) and Next Sentence Prediction (NSP) on extensive, unlabeled text corpora, BERT is capable of
providing universal language representations which captured syntactic, semantic, and contextual information with unprec-
edented depth. BERT method enabled a single pre-trained architecture to be fine-tuned with a simple additional output layer
to reach state-of-the-art performance on a wide array of downstream tasks, including question answering, sentiment analy-
sis, named entity recognition, and natural language inference, without any need for substantial, task-specific architectural
changes.

The effect of BERT was sudden and deep, precipitating a faster research activity which quickly disseminated across com-
putational linguistics, artificial intelligence, and many other applied domains. The model’s architecture and pre-training
philosophy have proven to be substantially versatile, serving as a foundational template which could be adapted, optimized,
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and critiqued. The period of intense innovation is richly field in many academic literatures, and analyzing the most effective
articles from this era gives in-depth understanding into the evolution of modern NLP. The proposed study of this paper uses
a database search comprising 200 highly-cited articles from Scopus that prominently feature BERT, offering a rich source
of high quality publications over the period 2019-2025. These records are the most intellectual publications, which shaped
the field's trajectory in the years immediately following BERT's introduction.

This scientometric survey plans to build a systematic analysis of this article collection to map the intellectual structure,
determine key research trajectories, study methodological evolution, and delineate the sprawling application domains de-
fined by BERT and transformer-based research. By looking into publication trends, citation networks, and the thematic
content of these influential works, the study looks for building a comprehensive overview of the field's development. It will
find out how the initial breakthrough was quickly followed by attempts to include the model's efficiency and performance,
how its architecture was translated to precise scientific and technical disciplines, and how a mature, critical discourse ap-
peared to probe the model's inner workings, biases, and societal implications. Eventually, the study synthesizes the journey
from a single, powerful model to a broad research ecosystem, highlighting how BERT not only re-introduce performance
benchmarks but also building a new methodological standard for transfer learning in NLP and beyond, directly building the
way for the contemporary era of large language models (LLMs). The analysis starts by outlining the methodological method
for dissecting the dataset, followed by an exploration of temporal and source-based distributions, a comprehensive dive into
major research themes, and a synthesis of overarching effects and future directions.

2. Methodology

The dataset for this survey consists of 200 highly-cited papers which were extracted from Scopus, determined by using the
keyword “BERT” and sorted by citation count. While the original search returned 28,253 records, this subset gives the most
influential articles as of the export date in terms of citation. The analysis was constructed by systematically reviewing the
metadata of each entry, including title, authors, source title, publication year, abstract, author keywords, and index key-
words. The study has performed a qualitative content analysis to determine recurring themes, conceptual clusters, and ap-
plication areas. Quantitative analysis was implemented to tabulate publication years, prominent journals and conferences,
and the frequency of specific methodological or application terms. Note that this survey is based on highly-cited literature
and is thus indicative of influential trends rather than the entirety of BERT-related studies. The citations within this paper
refer exclusively to the works listed in the provided dataset. Fig. 1 and Fig. 2 show the network and density visualization of
the study.
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Fig. 1. Network visualization of the BERT

Fig. 2. Density Visualization
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2.1 Temporal and Source Distribution of Publications

The 200 highly-cited published papers span from 2019 to 2024, mostly focused in the years immediately following BERT's
introduction. The year 2019 was the explosive entry of BERT into the research studies, with seminal works like Devlin et
al. (2019) explaining the structure of the model. An extensive survey of activity was concentrated on deep understanding,
adapting, and implementing BERT across different NLP options. The years 2020 and 2021 are the peak of publication
density within this dataset, giving the period of most intense study activity and community engagement with the transformer
architecture. During this period, studies diversified into model compression, domain adaptation, and more complicated pre-
training objectives. Publications from 2022 onward, while fewer in this specific high-citation set, show a more comprehen-
sive studies of the field, with work entering into large-scale surveys, novel application domains like biology and education,
and more comprehensive ethical and practical approaches. Fig. 3 presents more detailed description of the information
gathered from about 28000 records from Scopus database.
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Fig. 3. Some basic scientometric information

The venues for these published articles endorse the interdisciplinary and fast-paced area of the field. Premier NLP and
computational linguistics conferences such as the Annual Meeting of the Association for Computational Linguistics (ACL),
the Conference on Empirical Methods in Natural Language Processing (EMNLP), and the North American Chapter of the
Association for Computational Linguistics (NAACL) consisted a significant portion of the foundational papers. High-im-
pact journals like Nature Machine Intelligence, Briefings in Bioinformatics, and npj Digital Medicine provide the model's
penetration into the biomedical and life sciences. Moreover, some machine learning conferences like NeurIPS (Advances
in Neural Information Processing Systems) and ICML (International Conference on Machine Learning) feature promi-
nently, providing the core architectural innovations contributed by the transformer model. Computer vision conferences like
CVPR (IEEE/CVF Conference on Computer Vision and Pattern Recognition) also signaling the cross-modal influence of
transformer architectures. This distribution shows that BERT's effect was not confined to a single subfield but quickly
permeated adjacent areas of artificial intelligence and applied science.

2.2 Core Architectural Innovations and Pre-training Paradigms

The initial part of studies, as indicated in this dataset, was primarily to understand, replicate, and improve the core BERT
architecture and its pre-training methodology. The original BERT model (Devlin et al., 2019) built the power of bidirec-
tional concepts through the Masked Language Modeling (MLM) and Next Sentence Prediction (NSP) pre-training objec-
tives. This was considered a substantial departure from past autoregressive language models and enabled a more profound
understanding of sentence-level and token-level relationships. Moreover, the dataset indicates that the community quickly
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moved to critique and enhance this foundation. For example, Yang et al. (2019) provided XLNet, which generalized auto-
regressive pre-training to help learning bidirectional contexts by optimizing the expected likelihood over all permutations
of the factorization order, addressing some of the pretrain-finetune discrepancy inherent in BERT's MLM method.

The other attempt involved making the architecture more optimized. The work of Lan et al. (2020) on ALBERT (A Lite
BERT) showed that parameter reduction methods through factorized embedding parameterization and cross-layer parameter
sharing would be able to substantially decrease model size and training time without a substantial loss in performance. Other
papers concentrated on enhancing the model's capabilities. Liu et al. (2019) offered RoOBERTa, which indicated that robustly
optimizing the BERT pre-training method by eliminating the NSP objective, training with bigger mini-batches and learning
rates, and applying more data would lead to better downstream task performance. Clark et al. (2020) introduced ELECTRA,
which replaced the MLM task with a more sample-efficient token detection task, where the model learns to distinguish real
input tokens from plausible replacements created by a small generator network. These studies have been able to refine the
pre-training paradigm, focusing data quality, training strategy, and novel objectives over simply scaling model size.

The dataset also discloses the quick distribution of the pre-training concept beyond standard English text. A substantial
trend involved developing domain-specific BERT models. Lee et al. (2020) presented BioBERT, pre-trained on large-scale
biomedical corpora, and demonstrated its superior performance on biomedical text mining tasks. In addition, Beltagy et al.
(2019) built SciBERT for scientific text, and Chalkidis et al. (2020) offered Legal-BERT for the legal domain. Another
essential direction was multilingual and cross-lingual representation learning. Conneau et al. (2020) offered unsupervised
cross-lingual representation learning at scale, while techniques like FlauBERT (Le et al., 2020) for French and BERTimbau
(Souza et al., 2020) for Brazilian Portuguese showed the adaptation of the architecture to other languages. These attempts
confirm a key insight from this period: that the transfer learning paradigm of BERT was compatible across linguistic and
knowledge domains, provided adequate domain-specific pre-training data was available.

2.3 Model Optimization, Efficiency, and Deployment

As BERT techniques grew in size and capacity, a parallel and highly cited studies thrust appeared concentrated on making
these models more practical for real-world applications. The computational and memory footprint of large transformer
models posed substantial challenges for inference in resource-constrained environments such as mobile devices or for ap-
plications with low latency. This dataset consists of various influential works addressing these problems through model
compression, quantization, and efficient inference techniques. The work of Jiao et al. (2020) on TinyBERT gave a two-
stage learning framework that distills the knowledge from a large “teacher” BERT model into a smaller “student” model,
both during the pre-training and task-specific fine-tuning stages, reaching competitive performance with a substantially
reduced model size.

Another area of work is associated with quantization, the process of changing the precision of model weights and activa-
tions. Zafrir et al. (2019) proposed a new algorithm named Q8BERT, an 8-bit quantized version of BERT, showing that
substantial reductions in memory footprint and improvements in inference speed reached with minimal accuracy loss. Shen
et al. (2020) developed this more with Q-BERT, which applied a Hessian-based mixed-precision quantization technique to
determine the sensitivity of various layers to quantization, implementing lower precision to less sensitive parts for bigger
compression. Beyond compression, scholars developed novel inference methods. Xin et al. (2020) offered DeeBERT, which
helps for dynamic early exiting from the model's layers during inference. By adding internal classifiers at intermediate
layers, the model could build a prediction without necessarily running all layers for every input sample, thereby reducing
computational cost. Moreover, Zhou et al. (2020) offered a “patience” based early exit technique which contributed to the
speed-accuracy trade-off. These works collectively offer an important engineering-oriented study community which formed
to ensure the practical viability of the transformer revolution.

Efficiency was also another issue at the architectural level which was considered by many researchers. Zaheer et al. (2020)
introduced a sparse attention method named BigBird which reduced the transformer's quadratic dependency on sequence
length to linear, capable processing of much longer documents, which is important for tasks like document ranking or
scientific paper analysis. Furthermore, Dao et al. (2022) offered FlashAttention, a groundbreaking I0-aware exact attention
algorithm which is used for optimizing memory access patterns to speed up training and inference and reduce memory
usage for long sequences. You et al. (2020) showed that through layer-wise adaptive large batch optimization, it is easy to
train BERT in just 76 minutes, addressing the high cost of pre-training. These optimization attempts highlight a maturation
of the field, moving from pure performance pursuit to a more balanced consideration of performance, cost, and environ-
mental impact.
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2.4 Applications Across Diverse Domains

The transformative effect of BERT tends to be the most visibly given by its quick and widespread adoption across a multi-
tude of application domains. The model's capability to build deep contextualized representations has become a powerful
feature extractor and a foundation for transfer learning in fields far beyond core NLP.

BERT-based models have driven substantial progress in the biomedical and healthcare sector. Gu et al. (2022) offered
BioGPT, a domain-specific generative transformer technique for biomedical text generation and mining, showing state-of-
the-art performance on tasks like literature-based discovery. Rasmy et al. (2021) offered Med-BERT, a model pre-trained
on structured electronic health records, which indicated high accuracy for disease prediction tasks. Another striking instance
is the work of Yang et al. (2022), who implemented a BERT-like architecture, scBERT, for cell kind annotation of single-
cell RNA-seq data, translating the success of language models to a biological sequencing context. Moreover, Elnaggar et
al. (2022) offered ProtTrans, a series of transformer techniques pre-trained on protein sequences, trying to learn the “lan-
guage of life”. These methods underscore a key trend: the conceptualization of biological sequences (DNA, RNA, proteins)
and structured medical data as text preparation in different languages, to which the transformer architecture is uniquely
appropriated.

In the social and educational areas of research, BERT has become a basis for analysis and tool development. Yan et al.
(2024) built a systematic scoping review on the practical and ethical issues of large language models in education, a meta-
analysis made available by the very technology it critiques. The detection of mis-information and harmful subjects online
is the other major application area. Singh et al. (2021) implemented BERT for sentiment analysis on Twitter data to gauge
the effect of the coronavirus on social life, while Kaliyar et al. (2021) proposed FakeBERT, a deep learning method for fake
news detection in social media. Models like WELFake (Verma et al., 2021) along with BERT with linguistic features for
improved classification performance. These methods highlight the dual-use nature of the technology, employed both for
learning social phenomena and for detecting online harms.

The model's utility has also been considered in more technical domains. In software engineering, Kanade et al. (2020)
investigated contextual embeddings for source code, and Wang et al. (2021) offered CodeT5, an identifier-aware unified
pre-trained encoder-decoder technique for code understanding and generation. In the context of the network security, Guo
et al. (2021) offered LogBERT for log anomaly detection, and Lin et al. (2022) used ET-BERT for encrypted traffic classi-
fication. Moreover, the cross-modal abilities of transformers were largly explored. Su et al. (2019) offered VL-BERT for
pre-training generic visual-linguistic representations, and Lu et al. (2019) introduced ViLBERT, a model for learning task-
agnostic visiolinguistic representations. The diversity of these applications, as evidenced by the highly-cited literature, ap-
poves BERT's role as a general-purpose foundational model whose depenent architecture and pre-training philosophy may
be used to an astonishing variety of data types and problem statements.

2.5 Analysis, Interpretation, and Critique of BERT

Along with the applications and extensions of BERT, a substantial and highly-cited body of literature appeared dedicated
to investigating its inner workings, limitations, and societal impacts. This reflective strand of studies has been important for
the responsible development of the technology. A primary concentration has been on “BERTology”, a term introduced by
Rogers et al. (2020) in their primer which synthesized what was known about how BERT performs. This line of inquiry
implemented probing tasks to understand what linguistic knowledge BERT captures. Jawahar et al. (2020) determined that
BERT's layers progressively capture hierarchical linguistic information, with surface features in lower layers, syntactic
features in middle layers, and semantic features in higher layers. Tenney et al. (2019) also dissected such an idea, based on
a suite of probing tasks demonstrating that BERT rediscovers the classical NLP pipeline, building representations of sen-
tence structure across its layers.

The other important area of investigation has been on the model's robustness and vulnerability to adversarial attacks. Jin et
al. (2020) built a strong baseline for natural language attacks on text classification and entailment, showing that BERT, in
spite of its state-of-the-art performance, would be easily fooled by small, semantically preserved perturbations. This work
spurred further studies into adversarial training and model defense. The exploration of biases embedded within BERT and
similar models has also been a major concern. Schramowski et al. (2022) explained that large pre-trained language tech-
niques contain human-like biases of what could be right and wrong, learning and amplifying societal stereotypes present in
their training data. Nadeem et al. (2021) built StereoSet, a benchmark for measuring stereotypical bias in pretrained lan-
guage models, providing a tool for quantifying this problem. The now-classic paper by Bender et al. (2021), “On the Dangers
of Stochastic Parrots”, created some concerns about the environmental and financial expenses of training ever-larger mod-
els, the risks of deploying them without understanding their limitations, and the potential for encoding and amplifying
biases.
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The analysis also devoted partly to the geometry and properties of BERT's representation space. Ethayarajh (2019) per-
formed a comparison among the geometry of contextualized word representations from BERT, ELMo, and GPT-2, deter-
mining that BERT's representations were profoundly context-specific and anisotropic. Li et al. (2020) studied the sentence
embeddings from pre-trained language models, highlighting their anisotropy and proposing techniques to optimize their
semantic similarity properties. Moreover, the knowledge representation abilities of BERT were probed. Petroni et al. (2019)
posed the provocative question “Language Models as Knowledge Bases?”, indicating that BERT could recall factual
knowledge to a surprising degree without fine-tuning, implying that pre-training imbues the model with a form of relational
knowledge. Dai et al. (2022) later determined “knowledge neurons” within pretrained transformers that are capable of en-
coding specific factual knowledge. This critical and analytical literature has been indispensable, providing an essential
counterbalance to pure application-driven studies and fostering a more nuanced and cautious understanding of the capabil-
ities and limitations of transformer-based models.

3. Synthesis and Future Directions

The analysis of these 200 highly-cited publications have shown a clear narrative of the evolution of BERT and transformer-
based research. The field began with a foundational breakthrough (Devlin et al., 2019) which built a new paradigm for
language representation learning. This was quickly followed by an intense optimization and generalization, producing more
robust (Liu et al., 2019), efficient (Lan et al., 2020), and powerful (Yang et al., 2019) variants. Moreover, the model's
architecture proved to be substantially plastic, leading to its successful adaptation across various domains, from biomedicine
to software engineering. As the technology matured, the research community became involved in deep introspection, de-
veloping techniques to understand the model's inner workings and to critically evaluate its societal and ethical implications.

The trajectory shown in this dataset points towards various future directions which were already beginning to take shape.
First, the trend of scaling, both in terms of framework size and data, is evident, culminating in surveys that frame BERT as
a precursor to modern large language models (LLMs) (Min et al., 2024; Han et al., 2021). Second, the push for efficiency
and practicality will remain a dominant theme, especially as models are developed in real-time and resource-constrained
environments. Third, the critical examination of model biases, robustness, and environmental effect will only show growth
in importance as these technologies become more deeply embedded in societal infrastructure. Finally, the cross-modal and
domain-specific applications will continue to expand, pushing the boundaries of what is considered a “text” which could be
processed by a transformer, from proteins and cell sequences to network traffic logs and database schemas.

In conclusion, the scientometric analysis of this curated dataset of highly-cited BERT literature paints a picture of a vibrant,
fast-moving, and self-critical research field. The transformer architecture, as popularized by BERT, did not completely offer
a new state-of-the-art model; it catalyzed a basic shift in how language and other sequential data are modeled in artificial
intelligence. The publications surveyed here are the key intellectual currents of this shift, its foundational principles, its
engineering innovations, its diverse applications, and its necessary critiques. They collectively form the bedrock upon which
the current era of large language models is built.
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