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Abstract: Research on Generative Artificial Intelligence (GenAI) has accelerated at an 
unprecedented rate, with an estimated annual growth of 18% in the number of publications 
across the world making it ever harder for researchers to keep up with new concepts, catch up 
with new knowledge architectures and predict future research foci. Current knowledge 
discovery methods mainly utilize statistical topic modelling methods like Latent Dirichlet 
Allocation (LDA), which provide interpretable topics and limited contextual understanding, or 
context-sensitive language models like BERT, which provide language model nudity at the cost 
of lack of interpretability and trend forecasting. This paper presents a novel hybrid approach 
that combines LDA, LSA and BERT-based contextual embeddings in a PRISMA-guided systematic 
literature search methodology, covering seven databases. As of now, the literature synthesis 
reveals a preliminary state of the art of current tools that are fragmented, are good at both 
statistical coherence and contextual richness, and, most importantly, largely fail to foresee new 
topics. The proposed framework should enhance the coherence of the topics, facilitate context-
aware knowledge discovery, and provide an evidence-based decision-making and technology 
forecasting automated research-intelligence dashboard in the context of the GenAI space. 
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Introduction 
Growing evidence in recent years shows that GenAI-related publications have grown by almost 18% 
annually since 1981 [9] and that this is one of the most active research areas in computer science. This is 
across the growth of large language models, diffusion-based generators and multimodal systems and 
marked by a quick diversification of research themes. This speed poses a practical problem for individual 
researchers, research groups and institutions: keeping up with the current themes, which are still 
developing and which are outmoded can become increasingly problematic, as the literature is scanned 
manually. Natural Language Processing (NLP) techniques provide scalable solutions for automated 
knowledge discovery from massive research corpora, converting unstructured data from publications into 
structured and interpretable knowledge. Current solutions, however, make use of only one family of 
techniques, either statistical topic models or statistical language models, that can only solve half of the 
problem. This drives the focus of the central problem tackled in this paper, which is the lack of a consistent, 
explainable and context-aware NLP framework to map the existing structure of GenAI research and 
predict its future trajectory. The rest of this paper will be structured as follows. In Section II, related works 
of statistical and contextual approaches to knowledge discovery are reviewed. The main contribution of 
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the proposed framework is elaborated on in Section III. The methodology proposed is discussed in Section 
IV. The implications of it are explored in Section V and the paper concludes in Section VI. 

Related work 
Scientific literature has been the main context used for the automatic discovery of knowledge so far, 
which has been done using statistical topic modeling. The most popular model due to the interpretability 
of the results and ease of computation is the Latent Dirichlet Allocation (LDA) model [1] which represents 
documents as mixtures of latent topics, each corresponding to a pattern of co-occurrence of words. The 
earlier matrix factorization method, called Latent Semantic Analysis (LSA) [2] also discovers latent 
semantic structure with some less success at distinguishing fine-grained topics in large and heterogeneous 
corpora. In either approach, words are treated as unordered counts, which do not incorporate the notion 
of context, and this sometimes leads to semantically related but lexically distinct terms being classified as 
unrelated, which is a common problem in a number of subfields of GenAI such as “large language models” 
and “foundation models.” The Transformer architecture [3] and its pretraining bidirectional counterpart 
BERT [4] transformed the landscape of language representation to contextual embeddings that better 
model subtle semantic relationships. Transformer architecture [3] and its bidirectional pretraining variant 
BERT [4] changed the field towards contextual language representations that better model nuanced 
semantic relationships. Based on this, a hybrid neural topic model, BERTopic [5] is proposed, which 
preserves both the semantic coherence and the interpretability of topics by adopting both contextual 
embedding and class-based TF-IDF. However, the BERT-based methods are high computational cost, and 
the resulting topics are more difficult to validate and not easily able to be explicitly forecasted for trends. 
The parallel stream of work uses bibliometric knowledge graph analysis and keyword-co-occurrence 
analysis to create a GenAI research knowledge map at scale. While bibliometric reviews like those in [8] 
and [9] have been produced recently and describe the growing structure of GenAI research, they do so 
based on the intersection of multiple aspects of the research, namely, citations and keywords, and not on 
the actual meaning of the texts themselves which is then conveyed as a network of citations and 
keywords. Such bibliometric reviews [8] and [9] have been produced recently and describe the growing 
structure of GenAI research, but they do so by using the intersection of different aspects of the research; 
citations and keywords and not by using the meaning of the texts themselves, and they do not combine 
the statistical and contextual aspects of topic modeling into a single, interpretable pipeline. This gap is 
summarized in Table 1 – existing statistical and contextual approaches have limited ability, and 
bibliometric reviews lack semantic depth and predictive power. 

Table 1. Comparison of existing knowledge-discovery approaches for Generative AI literature with the proposed 
hybrid framework 

 Statistical 
Coherence 

Contextual 
Understanding 

Trend 
Prediction 

LDA / LSA-based studies [1],[2] Yes No No 

BERT-based contextual models 
[3]-[5] 

No Yes No 

Bibliometric / keyword-co-
occurrence reviews [8],[9] 

Partial No Partial 

This work (proposed hybrid) Yes Yes Yes 
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Key Contribution 
The novelty of this work is not just an algorithm, but a comprehensive and coherent pipeline for GenAI 
literature that integrates, in a comprehensible and forecasting way, the work of various NLP methods that 
were previously disjoint. The proposed framework includes a novel hybrid NLP framework that unites 
both statistical & contextual topic modeling; an improved topic coherence using cross-validating LDA/LSA 
topics and BERT semantic clusters; a context-aware knowledge-discovery process that mitigates lexical 
variation across GenAI subfields; and a precursor or base model to an emerging-topic prediction model 
that tracks topic evolution over time. In practice, the framework will enable automatic research analytics 
for institutions and funding agencies, an AI research-intelligence dashboard that shows the trend of 
thematics over time, decision support for research scholars who want to choose problem areas to work 
on that have growth potential and strategic technology forecasting for institutions who want to keep up 
with the GenAI landscape. These contributions complement the current knowledge base on literature-
based knowledge discovery, in line with the goals of a contribution to the proceedings level of a systematic 
literature review. 

Proposed Methodology 
This is a proposal stage study so it is not an actual set of experimental results, but is a description of the 
methodology, which is planned for actual execution and validation, which will be reported in a future 
publication. The review protocol is followed by the guidelines for reporting systematic reviews by PRISMA 
2020 [6] and the systematic literature review process suggested by Kitchenham and Charters [7] for 
planning, conducting and reporting the review.  

 
Figure 1. Proposed four-stage hybrid NLP-based knowledge discovery framework, integrating statistical topic 
modeling (LDA, LSA), contextual embedding refinement (BERT), and temporal trend mapping for emerging-topic 
prediction. 

 
Seven databases will be used for complementary disciplines and coverage from the multidisciplinary and 
citation-quality perspective (Scopus, Web of Science), AI and engineering research (IEEE Xplore), 
computing and NLP-specific research (ACM Digital Library), emerging preprint research (arXiv), AI and 
data-science literatures (SpringerLink), and applied AI research (ScienceDirect). The article must be 
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written in English and published between 2018 and 2026, and must be peer reviewed, published in a 
journal, conference, or indexed preprint and pertain to Generative AI, Large Language Models or related 
topics with NLP. Exclusion criteria exclude non-peer-reviewed, duplicate, editorials and opinion pieces, 
and studies that do not focus on Generative AI. Search strings are made up of keywords like “Generative 
AI,” “large language models,” “topic modeling,” “knowledge discovery” and “natural language processing” 
linked by Boolean operators and formatted to suit the syntax of each database. According to the proposed 
hybrid framework (see Figure 1), there are four stages to this: First, the metadata (titles, abstracts, and 
keywords) are collected and then cleaned and pre-processed by deduplication, tokenization and removal 
of stop words. Second, LDA and LSA are used to obtain baseline topics from the cleaned corpus which are 
interpretable in terms of word co-occurrence statistics. Third, BERT-based context embeddings are 
computed for the same corpus and grouped to aid and semantically check the statistical topics, for 
instance when different lexica refer to the same concept. Fourth, topic assignments are monitored over 
publication years to visualize the development of topics over time, on which a new component of the 
topic prediction is built—flagging topics whose publication trends are increasingly upward. The general 
pipeline will be used to analyze the research-intelligence dashboard outlined in Section III. 
 
Discussions 
The literature reviewed in Section II shows a general trend that each individual technique is well 
developed and has been proven, but when used together, they are disjointed. The availability of large-
scale literature, the development of transformer architectures, their increasing usage in industries, and 
the strong open-source community offer a promising context for automated knowledge discovery in the 
field of GenAI. Concurrently, the same literature also reports on existing deficiencies, such as incomplete 
discovery approaches, either statistical coherence or contextual understanding; but rarely both; lack of a 
common framework that incorporates several NLP paradigms; limited interpretability of deep-learning-
based topic models; and poor performance when it comes to predicting new research trends. The goal of 
the design proposed in this paper is to directly overcome these limitations and not to provide a totally 
new modeling paradigm. The aim of the framework is to ensure that the topics models generated by 
LDA/LSA remain interpretable, as they are appealing to research administrators and reviewers, and to 
benefit from the contextual sensitivity of the embedding model BERT to correctly cluster semantically 
similar but lexically different GenAI terms. It is expected that, when tracking topic assignments over time, 
a static thematic map will become a forecasting tool, filling this gap that was uncovered in both topic 
modeling and bibliometric literature. As the framework is built upon already existing and tested 
components (LDA, LSA, BERT, PRISMA), there is not a significant amount of risk associated with the 
implementation of the framework, but the overall ability to implement it well will still rely on empirical 
assessment of topic coherence and forecasting accuracy with the set of completed literature in future 
research. 

Conclusions 
This paper is a proposal stage SLR that brings the following pointwise conclusions: 

1. Problem statement addressed/motivation: The rapidly accelerating research on Generative AI has 
seen more than 18% annual increase in research activity [9] and researchers are unable to 
manually keep track of the themes emerging from this research, thus the need for an automated, 
interpretable and context-aware knowledge-discovery approach. 

2. To close this gap, a systematic review protocol based on the PRISMA framework [6, 7] in seven 
databases, in which both a statistical topic modeling method (LDA, LSA) and a contextual 
embeddings method (BERT) were combined with each other in a hybrid approach, is suggested. 

3. Key findings: A preliminary literature synthesis reveals that all of the mentioned statistical, 
contextual, and bibliometric approaches address only part of the knowledge-discovery problem 
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and none of them unites statistical coherence, contextual understanding and the ability to predict 
trends in one system, which is the gap that this study seeks to fill. 

4. Limitations and future work: This paper proposes the framework and formulation of the problem, 
and corpus extraction, hybrid model implementation, and empirical evaluation of the validity of 
topic coherence and the forecasting accuracy are future tasks to be reported in a future 
publication. 
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