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1. Introduction
Recent advancements in large language models (LLMs), such as GPT and Llama, have revolutionized
natural language processing, enabling sophisticated text generation and comprehension tasks. A
significant development in this field is the Retrieval-Augmented Generation (RAG) framework, which
integrates external knowledge retrieval with LLMs to produce accurate and contextually relevant outputs.
Unlike traditional "closed-book" models, RAG's "open-book" approach enhances response reliability by
accessing up-to-date external sources, reducing hallucination risks and the need for frequent model
retraining. In applied linguistics, the exponential growth of scientific publications necessitates automated
tools to extract structured information, such as research questions, methodologies, and findings, to
support systematic reviews and research trend analyses. However, traditional text-mining methods often
struggle with the domain-specific terminology and structural diversity of academic texts, leaving a gap
in leveraging advanced LLM and RAG techniques for precise information extraction in this field. This
study aims to investigate the efficacy of combining LLMs with RAG to extract structured data from
applied linguistics articles accurately. The central research question is: "How can LLMs and RAG
facilitate precise and structured data extraction from specialized texts in applied linguistics?" This paper
first reviews prior work on automated information extraction, then presents the theoretical framework

and methodology, and concludes with findings and future research directions.

2. A brief note of previous works

Recent studies have explored automated information extraction from scientific texts using natural
language processing (NLP) and machine learning, driven by the growing volume of academic
publications. Early work focused on traditional text-mining techniques to identify key components such
as research questions, methodologies, and findings, often facing challenges with domain-specific
terminology and structural variability (Sarawagi, 2008: 261-377). Pre-trained models like SciBERT and
BioBERT, leveraging transformer-based architectures, have shown improved performance in extracting
complex information from scientific texts due to their domain-specific training (Beltagy et al., 2019: 1—
13). Large language models (LLMs) such as GPT-4 and Llama have further advanced this field,
demonstrating strong capabilities in understanding context and following user instructions for
information extraction (Brown et al., 2020: 1877-1901). However, studies indicate that LLMs alone may
underperform compared to specialized structured extraction methods, necessitating complementary
approaches like Retrieval-Augmented Generation (RAG) (Han et al., 2023: 1-10). RAG enhances LLM
performance by retrieving relevant external documents, improving accuracy and reducing hallucination,
as shown in systematic review frameworks for screening and extracting data (Han et al., 2024: 1-15). In
applied linguistics, where texts often feature specialized terminology and diverse structures, research has
primarily focused on sentiment analysis and corpus studies, with limited exploration of LLMs and RAG
for extracting structured research components (Kanavos et al., 2023: 1-6). This gap highlights the need
for tailored approaches to leverage LLMs and RAG for precise information extraction in applied

linguistics, which this study seeks to address.
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3. Theoretical framework
The theoretical foundation of this study integrates concepts from natural language processing (NLP), focusing
on large language models (LLMs) and Retrieval-Augmented Generation (RAG), to address information
extraction from scientific texts in applied linguistics. LLMs, built on transformer architectures, leverage
extensive text corpora to understand and generate human-like language, making them suitable for analyzing
complex academic texts with domain-specific terminology (Brown et al., 2020: 1877-1901). In applied
linguistics, LLMs facilitate the identification of linguistic patterns and research components, such as research
questions and theoretical frameworks, due to their ability to process nuanced and specialized texts (McEnery
& Hardie, 2012: 1-210). RAG enhances LLMs by combining parametric knowledge with external document
retrieval, enabling access to up-to-date, domain-specific information to produce accurate and evidence-based
outputs (Lewis et al., 2020: 9459-9474). This approach mitigates issues like hallucination and supports
precise extraction of structured data, such as methodologies and findings, from scientific articles (Shuster et
al., 2021: 3784-3803). Information extraction, as a process, involves transforming unstructured texts into
structured data, identifying key components like research objectives and data sources (Sarawagi, 2008: 261—
377). In the context of applied linguistics, systematic reviews provide a structured methodology for
synthesizing research trends and identifying gaps, which can be automated using LLMs and RAG to enhance
efficiency and accuracy (Norris & Ortega, 2000: 417-528). This framework links LLMs and RAG as core
processing mechanisms, external knowledge bases as retrieval sources, and systematic review principles to
guide the extraction of structured information, ensuring the study’s alignment with established NLP and
linguistic theories.
4. Research methodology
This study adopts a mixed-methods research design to evaluate the efficacy of combining large language
models (LLMs) and Retrieval-Augmented Generation (RAG) for extracting structured information from
applied linguistics articles. The qualitative component involves designing research prompts and
analyzing model outputs for content accuracy, while the quantitative component focuses on assessing
model performance through precision, recall, and Fl-score metrics. Data were sourced from the
Repository of Secondary Research, a curated collection of peer-reviewed applied linguistics articles,
selected for its comprehensive coverage, access to full-text articles, and scholarly credibility. Six key
components were targeted for extraction: research questions, theoretical frameworks, data sources,
analysis methods, key findings, and limitations. Articles were segmented into smaller text chunks to
optimize processing, and a vector database using FAISS was employed for RAG-based retrieval of
relevant sections. Custom prompts were designed for each component to guide the LLM (GPT-4) in
generating structured outputs. Model performance was evaluated through manual validation by
comparing outputs against actual article content, categorizing results as True Positive (correctly
extracted), False Positive (incorrectly extracted), or False Negative (missed components). Precision
(TP/(TP+FP)), recall (TP/(TP+EN)), and Fl-score (harmonic mean of precision and recall) were

calculated for each component to assess reliability and validity. Results were organized in tables and
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charts for comparative analysis, ensuring a systematic and replicable approach aligned with the study’s
objective of enhancing automated information extraction in applied linguistics (Tsafnat et al., 2014: 1—

15).

5. Conclusion

This study investigated the efficacy of combining large language models (LLMs) with Retrieval-Augmented
Generation (RAG) to extract structured information from applied linguistics articles, addressing the research
question of how these technologies can facilitate precise data extraction. Findings revealed that the
LLM+RAG approach achieved high accuracy in extracting explicit, structured components, such as data
sources (F1-score: 0.91) and analysis methods (F1-score: 0.88), due to standardized terminology in academic
texts. However, open-ended components like key findings (F1-score: 0.72) and limitations (F1-score: 0.71)
showed lower accuracy, attributed to varied writing styles and implicit expressions, necessitating human
review. With an overall Fl-score of 0.81, the approach demonstrates significant potential for automating
systematic reviews in applied linguistics, reducing manual effort while maintaining reliability for structured
components (Tsafnat et al., 2014: 1-15). Limitations include the dataset’s potential lack of representativeness
across all subfields of applied linguistics, reliance on manual validation subject to human error, and
constraints of LLM text window sizes, which limit simultaneous processing of multiple documents. Future
research should explore specialized pre-processing, fine-tuning LLMs on domain-specific corpora, and
optimizing retrieval strategies to enhance accuracy for complex components. Additionally, employing
multiple independent reviewers and larger, diverse datasets could improve generalizability. This study
underscores the value of LLM+RAG for streamlining systematic reviews, offering a robust foundation for

advancing automated information extraction in applied linguistics.
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