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Abstract: This study examines Retrieval-Augmented Generation (RAG) in large language mod-
els (LLMs) and their significant application for undertaking systematic literature reviews (SLRs).
RAG-based LLMs can potentially automate tasks like data extraction, summarization, and trend
identification. However, while LLMs are exceptionally proficient in generating human-like text and
interpreting complex linguistic nuances, their dependence on static, pre-trained knowledge can result
in inaccuracies and hallucinations. RAG mitigates these limitations by integrating LLMs’ generative
capabilities with the precision of real-time information retrieval. We review in detail the three key pro-
cesses of the RAG framework—retrieval, augmentation, and generation. We then discuss applications
of RAG-based LLMs to SLR automation and highlight future research topics, including integration
of domain-specific LLMs, multimodal data processing and generation, and utilization of multiple
retrieval sources. We propose a framework of RAG-based LLMs for automating SRLs, which covers
four stages of SLR process: literature search, literature screening, data extraction, and information
synthesis. Future research aims to optimize the interaction between LLM selection, training strategies,
RAG techniques, and prompt engineering to implement the proposed framework, with particular
emphasis on the retrieval of information from individual scientific papers and the integration of
these data to produce outputs addressing various aspects such as current status, existing gaps, and
emerging trends.

Keywords: retrieval-augmented generation; large language models; systematic literature review

1. Introduction

Rapidly developing Large Language Models (LLMs) like GPT-4 [1] and LLaMA [2]
have transformed natural language processing (NLP) and artificial intelligence (AI) by
generating human-like text and interpreting complex linguistic nuances across a wide
range of fields. For example, LLMs have demonstrated rational thinking capabilities
spanning drug discovery to personalized learning. However, such models are limited
by the static knowledge they acquire during pre-training; this can lead to inaccuracies
(especially in rapidly evolving fields). Inaccuracies often include plausible sounding but
factually incorrect responses or “hallucinations” [3,4]. Moreover, these inaccuracies could
be purposefully generated for malicious usage (e.g., promotion of certain drugs) by mixing
authentic papers with fallacious papers to mislead the public [5].

Retrieval-Augmented Generation (RAG) addresses these limitations by combining
the generative power of LLMs with the precision of real-time information retrieval. RAG
enhances LLM performance by grounding responses in dynamically updated and retriev-
able content to improve accuracy and reliability. This approach is crucial in fields like
law, medicine, finance, and personalized care, which critically require accurate, up-to-date
information. Additionally, RAG mitigates hallucinations by anchoring outputs in verifiable
sources, enabling users to trace and validate the information provided [6,7]. A systematic
literature review (SLR) methodically identifies, evaluates, and synthesizes existing research
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on a specific topic. It typically involves several key processes: defining research questions,
systematically searching for relevant studies, screening and selecting pertinent studies,
extracting data, and analyzing and synthesizing subsequent findings. RAG-based LLMs
can facilitate and potentially automate these tasks to significantly improve efficiency and
accuracy. This study provides a comprehensive overview of the primary methodologies as-
sociated with using RAG in LLMs. Furthermore, it examines the application of RAG-based
models to systematic literature reviews (SLRs), identifying existing gaps and emerging
trends in this domain. Finally, this paper proposes a novel framework for automating
systematic literature reviews through the application of RAG-based LLMs. Our proposed
framework showcases a comprehensive solution for the automation of the four key stages
of the SLR process, namely, literature search, literature screening, data extraction, and
information synthesis. It enhances both the efficiency and accuracy at each stage to provide
a more robust research compilation from relevant literature studies.

This study therefore makes two significant contributions with the automation of
systematic literature reviews:

• The in-depth review of RAG-based LLMs and their applications to SLRs establishes a
solid foundation for identifying existing research gaps and outlining future research
directions.

• The proposed framework for RAG-based LLMs comprehensively addresses the entire
SLR process, accommodating its iterative and incremental nature. This framework
provides a robust starting point for enhancing and automating SLR tasks, thus con-
tributing to the advancement of automation in this field.

2. Overview of Retrieval-Augmented Generation

The Retrieval-Augmented Generation (RAG) framework integrates retrieval-based
and generative models by leveraging information extracted from external sources (typically
databases) to improve the quality of generated outputs. The three core processes in the
RAG framework—retrieval, augmentation, and generation—are illustrated in Figure 1.
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During the retrieval stage, a query is first constructed from the user’s input prompt
that targets an LLM. The query is based on the content of the prompt, which is then used to
search for most similar or relevant documents from external knowledge sources. A retriever
then calculates the similarity between the user query and the returned results from the
knowledge source in order to select the most pertinent documents. To optimize this process,
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pre-retrieval enhancements can be applied to refine the query, ensuring that more efficient
and effective document retrieval is conducted [8,9]. Post-retrieval enhancements may also
be used to increase the utility of the retrieved documents for the subsequent generation
tasks [10].

Once the most relevant results are identified and returned, the process of augmentation
takes place. This step typically involves concatenating the retrieved documents from the
knowledge source with the original user input prompt to form the final prompt that is
passed to the generative language model [8,9]. This augmented prompt ensures that the
LLM is provided with additional information that steers it towards generating a response
that incorporates the relevant information from the external source. Augmentation can also
be iterative or adaptive, where the generated response is used to extract more precise and
contextually relevant content, thereby progressively refining the output [11,12].

Following the retrieval and incorporation of the documents into the LLM’s input,
the generation process combines the model’s learned knowledge with the specific content
retrieved from external sources. The LLM’s attention layers focus on both the original input
and the retrieved context, allowing the model to produce an output that integrates specific
information from external documents [8,9]. This approach reduces the model’s reliance on
its internal parameters and memorized knowledge, thereby decreasing the likelihood of
generating factually incorrect or hallucinated information.

The following sections provide detailed implementation insights into these three key
processes.

2.1. Retrieval

The retriever constitutes a central element of the retrieval process. It assesses the
relevance of documents within an external knowledge base to extract documents most
pertinent to a user’s query. Critical aspects of this process include the type of retriever
employed, retrieval sources, the granularity of retrieval, and enhancements applied before
and after retrieval.

2.1.1. Retriever Type

The choice of retriever directly impacts the effectiveness, accuracy, and efficiency of
retrieval. Several types of retrievers are commonly used in RAG systems depending on
their characteristics and suitability for different tasks.

1. Sparse Retrievers

Sparse retrievers, such as BM25 [13] and TF-IDF [14], represent text as sparse vectors.
They primarily rely on keyword matching to assess each document’s relevance to a user’s
query. Specifically, such models evaluate relevance based on term frequency, within
individual documents and across the entire corpus. Although these retrievers are simple,
interpretable, and efficient for large-scale retrieval, they have limited capacity to capture
semantic meaning beyond exact word matches. RAG models that utilize sparse retrievers—
including FiD [15], FLARE [11], and IRCoT [16]—most commonly select BM25.

2. Dense Retrievers

Dense retrievers leverage pre-trained language models to transform both queries and
documents into dense vector embeddings. Embeddings encapsulate the semantic meaning
of text, enabling the retriever to identify contextually relevant documents even in the
absence of exact keyword matches. Dense retrievers can successfully capture semantic simi-
larity, thereby aiding in understanding nuanced and contextually related queries. However,
they are computationally intensive and incur high development and maintenance costs.

The Dense Passage Retriever (DPR) [17], for example, uses two independent, pre-
trained BERT networks as dense encoders: one network encodes each input query into
a real-valued vector, while the other encodes each text passage into a vector of the same
dimensions. These vectors’ inner product measures the similarity between each query and
text passage. Such encoders are trained by maximizing inner products between vectors of
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queries and corresponding relevant passages. Bi-Encoder retrievers, such as DPR, have
demonstrated robust performance as pre-trained retrievers and are widely adopted across
RAG models like REALM [8], RAG [9], FiD [15], FiD-KD [18], EPR [19], RETRO [20],
UDR [21], ITER-RETGEN [12], and REPLUG [22].

Another notable dense retriever, the Contriever [23], employs a single BERT-based
encoder to embed both queries and documents. This model is trained via contrastive
learning, which aims to maximize the similarity between positive pairs (i.e., a query and a
corresponding relevant passage) while minimizing the similarity between negative pairs
(i.e., a query and an irrelevant passage). This approach reduces reliance on large-scale
labelled datasets and makes the Contriever more adaptable to various tasks and domains.
Additionally, its single-encoder design provides greater flexibility and has demonstrated
success in multiple RAG models, including In-Context RALM [24], Atlas [25,26], and
Self-RAG [27].

3. Internet Search Engines

In the context of RAG, internet search engines like Bing and Google can function as
potent, dynamic retrievers that offer access to vast, up-to-date information across a broad
spectrum of topics while obviating the need to maintain a separate search index. These
search engines also provide high-quality ranking capabilities, refined through decades of
optimization. As such, both closed-source LLMs (e.g., RAG frameworks OpenBook [26]
and FLARE [11]) and trainable LLMs (e.g., SE-FiD [28]) integrate internet search engines.

Comparatively, sparse retrievers are best for large-scale, straightforward tasks, dense
retrievers excel in semantic tasks at a higher cost, and internet search engines provide a
versatile, constantly updated source of information. Integrating these different retrievers
enhances RAG models’ flexibility and effectiveness across various applications.

2.1.2. Retrieval Sources

Retrieval sources in RAG systems are diverse; they encompass structured, unstruc-
tured, and specialized data repositories for optimizing their generation process.

Structured databases, like relational databases and knowledge graphs (e.g., SQL-based
systems and Wikidata [29]) provide organized and logically grouped information. Complex
queries are presented to well-structured relational data that are systematically determined
to provide detailed functional reports. In contrast, unstructured text corpora are large
collections of text, including academic papers (e.g., PubMed [30]), books, and news articles.
They offer rich, diverse content across various domains. These corpora are essential for
retrieving detailed, domain-specific information that can augment the depth and breadth
of LLM responses. Additionally, domain-specific repositories—MEDLINE [31] for medical
research and LexisNexis for legal documents—are tailored to different disciplines and pro-
vide crucial specialized knowledge to generate accurate, contextually appropriate responses
in specialized domains. Furthermore, web content—including real-time data obtained
via web scraping and search engines—give RAG systems access to the most current infor-
mation available. This is very important for generating responses that require up-to-date
knowledge or instantaneous context. Finally, pre-trained knowledge bases—including
general-purpose repositories like Wikipedia [32] and datasets like Common Crawl [33]—
offer broad, general knowledge applicable across a wide range of tasks. Specifically, RAG
systems frequently use Wikipedia for its extensive factual, structured information, which is
available in various versions that range from billion-token to trillion-token levels [34].

Collectively, these retrieval sources equip RAG systems with relevant, current, and
context-specific information. This in turn enables LLMs to generate accurate, reliable, and
informed responses across diverse applications.

2.1.3. Retrieval Granularity

Retrieval granularity pertains to the unit of retrieval at which a corpus is indexed;
in other words, it determines the level of detail at which information is retrieved from
a knowledge base and subsequently processed by an LLM. Retrieval granularity spans
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from fine to coarse, at the token, sentence, chunk/passage, and document levels. Coarse-
grained retrieval units (e.g., documents) can provide broader context but may introduce
redundant content, potentially distracting LLMs in downstream tasks. Conversely, fine-
grained retrieval units, while offering more precise information, can increase the complexity
of retrieval and storage that may compromise semantic integrity.

Document-level retrieval functions well when a task requires comprehensive context,
as exemplified by the REPLUG model [22]. On the other hand, chunk-level and passage-
level retrieval focuses on specific sections of text, which can balance context with relevance.
Thus, it can assist with tasks demanding specific answers, while not overwhelming models
with extraneous information. This approach is successfully employed in RAG models such
as REALM [8], RAG [9], and Atlas [25]. Token-level retrieval, although less common, can
be used for specialized tasks requiring exact matches or integration of out-of-domain data.

2.1.4. Pre- and Post-Retrieval Enhancement

Pre-retrieval enhancement encompasses strategies and techniques applied to an input
query or retrieval system prior to a RAG system initiating its retrieval process. Pre-retrieval
enhancement primarily aims to refine or enrich the original query, thereby ensuring efficient
retrieval of the most relevant information. Key techniques in this domain include query
expansion, query rewriting, and query augmentation.

One query-expansion approach, Query2doc [35], generates pseudo-documents using
LLMs with few-shot prompting. These pseudo-documents aid query disambiguation, thus
enhancing performance of both sparse and dense retrievers. Indeed, experiments demon-
strate improvements in BM25 performance ranging from 3% to 15%. Another technique,
Rewrite-Retrieve-Read [36], employs query rewriting by prompting an LLM to generate a
revised query that bridges the gap between user input and retrieval requirements; then, it
uses a web search engine to retrieve context for the RAG system. Experimental results indi-
cate that this approach can enhance RAG performance when black-box LLMs or trainable
small language models act as query rewriters. Additionally, the BlendFilter framework [10]
implements query augmentation by incorporating both external and internal knowledge
sources; it filters retrieved information to eliminate irrelevant content before combining it
with the original query to generate a final answer.

Post-retrieval enhancement in RAG involves refining information retrieved from a
knowledge base before a language model uses it to generate a response. Post-retrieval
enhancement primarily endeavors to improve the relevance, coherence, and utility of
retrieved documents, ensuring that they contribute meaningfully to the final output.

Several methods illustrate this approach. For instance, the aforementioned BlendFilter
framework [10] integrates both pre-retrieval query augmentation (for improved infor-
mation retrieval) and post-retrieval knowledge filtering (to remove noise) for achieving
comprehensive enhancement. Likewise, the Retrieve-Rerank-Generate (Re2G) method [37]
enhances retrieval robustness by assembling documents retrieved from different retrievers
(such as BM25 and Dense Passage Retrieval (DPR)) through a reranking operation. Addi-
tionally, the RECOMP method (Retrieve, Compress, Prepend) [38] compresses retrieved
documents into textual summaries before in-context augmentation occurs during genera-
tion. This approach not only reduces computational cost but also alleviates the language
model’s burden by filtering relevant information from lengthy retrieved documents.

2.2. Generation

Requirements of downstream tasks primarily determine the design of generators
(specifically LLMs) for RAG. These requirements can include detailed text generation,
accuracy, and contextual relevance. This section reviews the use of two types of generators:
open-source LLMs and closed-source LLMs [39].
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2.2.1. Open-Source LLMs in RAG

RAG systems widely employ open-source systems for their flexibility, transparency,
and strong performance in handling various downstream tasks. Among the open-source
LLMs employed in RAG systems, Encoder-Decoder models are most prevalent. These
models process input and target sequences independently—using different sets of weights—
and perform cross-attention to effectively link input tokens with target tokens.

Prominent examples of Encoder-Decoder LLMs include T5 [40] and BART [41], which
are extensively featured in RAG models such as RAG [11] and Re2G [37]. A notable variant
of the standard Encoder-Decoder LLM is the Fusion-in-Decoder (FiD) model, which has
been successfully implemented in various RAG frameworks [15,18]. In FiD models, each
retrieved passage—along with its title—is concatenated with the query and processed
independently by the encoder. The decoder then performs attention over concatenated
representations of all retrieved passages. The encoder’s independent passage processing
enables the model to scale effectively to many contexts, as it only performs self-attention
over one context at a time [15].

2.2.2. Closed-Source LLMs in RAG

Closed-source LLMs in RAG systems are frequently selected for their advanced ca-
pabilities, high performance, and commercial support. RAG systems widely use models
such as GPT-3 and GPT-4, which are accessible via proprietary APIs, because of their
remarkable text-generation abilities and deep contextual understanding. For instance,
LLMs from the GPT family are employed in RAG models such as EPR [9], RETRO [20],
UDR [21], ITER-RETGEN [12], REPLUG [22], In-Context RALM [23], FLARE [11], and
IRCoT [16]. However, because the internal structure of closed-source LLMs cannot be
modified and their parameters cannot be updated, RAG models tend to focus more on
enhancing retrieval and augmentation processes. This approach aims to optimize prompts
provided to LLMs, thereby improving knowledge integration and the effectiveness of these
systems’ instructions.

2.3. Augmentation

RAG models’ standard practice only involves single steps of retrieval, augmentation,
and generation, which often cannot handle complex problems requiring multi-step reason-
ing and context retrieval. Studies have been conducted to optimize augmented input for
generators via iterative and adaptive retrieval.

2.3.1. Iterative Retrieval

RAG-based LLMs’ iterative retrieval involves retrieving relevant information and
generating responses in multiple cycles. Iterative retrieval is particularly effective in tasks
that require detailed contextual understanding and precise information, as it allows a
model to progressively refine its outputs by continually integrating more accurate and
contextually relevant data.

ITER-RETGEN [12] introduces an iterative methodology to enhance RAG systems’
performance by creating a synergistic loop between the retrieval and generation processes.
Following initial retrieval and generation, a model refines its prompts based on its output,
which then guides a new round of retrieval aligned with the refined query. This iterative
cycle continues, progressively improving the relevance and quality of both retrieved infor-
mation and generated responses. By employing this process, the model achieves greater
accuracy in tasks requiring detailed contextual understanding and precise information.

IRCoT [16] presents an advanced framework that integrates retrieval with chain-of-
thought (CoT) reasoning, enabling models to effectively address knowledge-intensive,
multi-step questions. A model initially retrieves a base set of paragraphs using a question
as the query, and then iteratively interleaves retrieval steps with reasoning steps until
termination criterion is met. During its retrieval-guided reasoning phase, the model gen-
erates another CoT sentence using the earlier mentioned question, previously collected
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paragraphs, and prior CoT sentences. In its CoT-guided retrieval phase, the model uses its
last generated CoT sentence as a query to retrieve additional paragraphs, which are then
incorporated into the reasoning process. Integrating retrieval with CoT reasoning signifi-
cantly boosts the model’s ability to tackle complex tasks involving both deep knowledge
and logical reasoning.

ToC [42] constructs a tree of clarifications to address ambiguous questions. A model
first retrieves relevant passages for an ambiguous query and then generates potential
interpretations by producing clarification questions or responses for each branch of that
tree. Using these passages, disambiguated questions are recursively generated via few-shot
prompting, before being pruned as necessary. Finally, the model generates a comprehen-
sive long-form answer addressing all disambiguated questions. This approach markedly
improves the model’s ability to manage ambiguous queries, resulting in more accurate and
contextually appropriate responses.

2.3.2. Adaptive Retrieval

Adaptive retrieval represents a dynamic approach. The RAG-based LLMs’ retrieval
process is continuously tailored to specific needs of a task, as it evolves in response to the
context provided by the model’s ongoing outputs. Adaptive retrieval primarily aims to
optimize the relevance and utility of retrieved information, thereby ensuring that generated
responses are correct and contextually appropriate.

FLARE (Forward-Looking Active Retrieval Augmented Generation) [11] advances
RAG systems by introducing a forward-looking, active retrieval mechanism. Beginning
with user input and initial retrieval results, FLARE iteratively generates a provisional next
sentence. If this sentence contains low-probability tokens, the system retrieves additional
relevant documents, using the sentence as a query before regenerating yet another sen-
tence. It continues this process until a task is complete. This forward-looking strategy
enhances the system’s ability to maintain coherence and relevance throughout multi-step
generation tasks, particularly in complex scenarios requiring multifaceted reasoning and
strategic planning.

SELF-RAG (Self-Learning Enhanced Retrieval-Augmented Generation) [27] advances
RAG systems by incorporating a feedback-driven, self-learning mechanism. This process
starts with standard retrieval and generation, where relevant documents are retrieved
and used to produce an initial response. Following generation, the system evaluates its
output and uses this feedback to refine subsequent retrieval strategies. Through iterative
improvement, SELF-RAG adapts its retrieval process to retrieve increasingly relevant
information, thereby continuously enhancing generated responses’ accuracy and contextual
relevance. This self-learning capability makes the system progressively more effective over
time, especially in dynamic or specialized environments.

3. Applications of RAG-Based LLMs for Systematic Literature Reviews

Each Systematic Literature Review (SLR) begins with a clear definition of its scope
and objectives, followed by a meticulous search criteria and screening process to identify
relevant articles that align with those objectives. Research questions that stem from the
SLR’s objectives are formulated, as the reviewer identifies pertinent data or information
from selected articles and further conducts data extraction from each selected article. These
extracted data are then synthesized and analysed to produce a comprehensive literature
review [43].

Given their remarkable abilities in textual understanding and generation, Large Lan-
guage Models (LLMs) have significant potential to assist throughout the entire SLR process.
However, the inherent limitations of LLMs can impede their effective adoption in SLRs.
These limitations include the generation of erroneous or fabricated content and the lack of
traceability for the generated outputs. For example, several studies have shown that texts
generated by ChatGPT from biomedical literature often contain plausible but fabricated
content, with noticeable fictitious or erroneous references [44–46]. Another limitation is that
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the static knowledge stored in LLMs is inadequate for providing the up-to-date information
required for conducting literature reviews. The integration of Retrieval-Augmented Gener-
ation (RAG) with LLMs can help mitigate these limitations by grounding LLMs’ reasoning
and generation in verifiable and current research drawn from various data sources.

3.1. Applications of RAG-Based LLMs Focused on SLRs

There is limited research on the application of RAG-based LLMs in SLRs. However, a
notable study [47] introduces an innovative framework for automating research synthesis
using fine-tuned domain-specific LLMs. This framework presents a method to automat-
ically generate fine-tuned datasets from an SLR corpus. Initially, it employs GPT-4 to
create question-and-answer (Q&A) pairs at two levels: paper summaries and individual
paragraphs. Q&A pairs are then generated from the aggregated answers of the individ-
ual papers, equipping an LLM with both insights from specific studies and synthesized
knowledge across the entire SLR corpus. Such fine-tuned models, based on the Mistral
architecture, show substantial promise in streamlining the SLR process.

LitLLM [48] is another RAG-based LLM framework designed for screening and sum-
marizing scientific literature. An LLM is utilized to decompose a user-provided abstract
into a set of keywords, which are then used to retrieve relevant papers through the Se-
mantic Scholar API. The LLM employs an instructional permutation generation approach
to re-rank the retrieved papers based on their relevance to the user’s abstract and the
abstracts of the papers. Finally, the LLM uses the re-ranked papers as augmented context
to generate summaries. This study utilized GPT-3.5-turbo and GPT-4 models accessed via
the OpenAI API.

RefAI [49] is a RAG-based LLM tool developed for biomedical literature recommen-
dations and summarization. Similarly, the GPT-4 model is employed to extract keywords
from user queries, which are then used to retrieve paper metadata (including title, abstract,
authors, publication year, journal, and DOI) through the PubMed API. A multivariate
ranking algorithm ranks the literature based on the similarity between the query and paper
abstracts, journal impact factor, citation count, and publication year. The similarity is
computed using vector embeddings of user queries and paper abstracts, converted via
sentence-transformers. Subsequently, the GPT-4 model generates literature summaries
based on user queries and paper metadata. The relevance and quality of the literature
recommendations, as well as the accuracy, comprehensiveness, and reference integration of
the literature summarizations, are evaluated by a panel of biomedical professionals. These
evaluations exhibit superior performance compared to baseline evaluations using GPT-4,
Google Gemini, and ScholarAI.

In summary, although all three studies utilize Retrieval-Augmented Generation (RAG)-
based Large Language Models (LLMs) to enhance the Systematic Literature Review (SLR)
process, they exhibit distinct methodologies and focal areas. The first study [47] prioritizes
the creation of fine-tuned LLM datasets for research synthesis. In contrast, LitLLM [48]
concentrates on refining literature retrieval and summarization through keyword extrac-
tion and a re-ranking approach. Meanwhile, RefAI [49] offers a specialized tool tailored
for biomedical literature recommendations, employing a comprehensive ranking system.
Collectively, these studies illustrate the diverse potential of RAG-based LLMs in automat-
ing aspects of the literature review process. However, it is important to note that these
studies are conducted on relatively small datasets or within limited scopes. Furthermore,
the outputs generated by the frameworks discussed in these studies are typically brief
responses to specific questions or they give relatively generalized summaries, which do
not equate to a thorough critique that is conducted on selected articles. This limitation
underscores the necessity to develop a more robust framework that fully leverages the
powerful and flexible capabilities of RAG-based LLMs to support and automate key SLR
tasks. Such a framework should be trained and rigorously evaluated using large datasets
across various domains to ensure its effectiveness and reliability.
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3.2. Applications of RAG-Based LLMs Adaptable for SLRs

Despite little research specifically focused on RAG-based LLMs’ applications to SLRs,
their demonstrated capabilities with various NLP tasks, such as question answering (QA)
(including open-domain, abstractive, and extractive QA) [9], fact verification [12], and text
summarization [50], showcase their potential to assist with and potentially automate SLR
tasks. We now review RAG-based LLMs’ example applications in this context.

RAG-based LLMs can extract data from scientific documents by employing QA tech-
niques to identify and extricate key elements (e.g., experimental results, methodologies,
and significant findings). For example, MEDRAG [51], a RAG toolkit specifically designed
for medical QA, has markedly enhanced six different LLMs’ performance: it elevated
GPT-3.5 to GPT-4-level capabilities with up to 18% improvement across a variety of medical
QA tasks. Similarly, Almanac [52]—a RAG-based model for clinical medicine—leverages
web browsers to extract contextual articles before employing a dense retriever to select
their most relevant text segments. It then utilizes GPT-3 to generate medical guidelines
and treatment recommendations. An evaluation by a panel of physicians stated that these
results outperformed those generated by GPT-3.

Furthermore, RAG-based LLMs can produce concise summaries of individual research
papers and collections of articles using text summarization techniques, thereby allowing
researchers to swiftly grasp essential findings from extensive bodies of literature. For
instance, SciDaSynth [53] uses a RAG-based GPT-4 model to retrieve relevant text snippets
from scientific papers, subsequently generating data tables and summaries from the ex-
tracted information. Similarly, CCS Explorer [54]—a RAG-based framework automating
clinical cohort studies—uses articles extracted from PubMed to perform sentence relevance
prediction, extractive summarization, and detection of key entities (e.g., patients, outcomes,
and interventions).

For citation recommendations, RAG-based LLMs generate queries from specific pieces
of text, retrieve relevant documents, and then use those documents to produce appropriate
citations. For example, REASONS [55] (REtrieval and Automated citationS Of scieNtific
Sentences) is a benchmark designed to evaluate LLMs’ abilities to generate accurate citations
based on context; RAG models tested on this benchmark outperformed ChatGPT-4. In
addition, RAG-based LLMs can help identify research trends over time by analyzing
and retrieving relevant literature, allowing researchers to track different fields’ evolving
interests and findings. A RAG-based LLaMA2 model, for instance, has been employed
to identify emerging trends in various technologies (like cryptocurrency, reinforcement
learning, and quantum machine learning) from extensive datasets of publications and
patents; its predictions have been validated against the Gartner Hype Cycle [56].

RAG-based LLMs have demonstrated considerable effectiveness in performing key
tasks associated with SLRs, such as extracting critical data from scientific documents,
generating concise summaries of individual papers and collections, providing accurate
citation recommendations, and identifying emerging research trends. Illustrative examples,
including MEDRAG, Almanac, SciDaSynth, CCS Explorer, and REASONS, highlight the
versatility and capability of RAG-based models to effectively handle various SLR-related
tasks. Therefore, the integration of RAG-based LLMs into the SLR process represents a
promising avenue for advancing a more automated, efficient, and insightful approach to
scholarly research synthesis and analysis.

3.3. Datasets for Model Training and Evaluation

Several datasets have been developed for training and evaluating LLMs in tasks
related to SLRs. For instance, Multi-XScience [57] is a large-scale dataset designed for
multi-document summarization using scientific articles. ACLSum [58] is an expert-curated
dataset tailored for multi-aspect summarization of scientific papers, covering three aspects:
challenges, approaches, and outcomes. Similarly, MASSW [59] provides a comprehen-
sive dataset for summarizing multiple aspects of scientific workflows, extracting five core
aspects—context, key idea, method, outcome, and project impact—from scientific publi-
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cations. CHIME [60] presents a hierarchical dataset that organizes scientific studies into
tree structures, where upper nodes represent research topical categories and leaf nodes
correspond to individual studies.

Given the diverse nature of SLR tasks, which may require distinct datasets for model
training and evaluation, there is a notable gap in datasets tailored for specific SLR tasks
beyond general scientific article summarization. The need for new datasets is particularly
evident for tasks involving detailed analyses, such as meta-analysis or trend identification.
A promising approach, as adopted in a previous study [47], involves creating datasets from
reference papers within existing literature reviews. The annotations necessary for training
can be extracted directly from the contents of these reviews, facilitating tasks such as data
synthesis and trend analysis.

In summary, while current datasets provide a solid foundation for developing LLMs
for SLR-related tasks, there remains a significant need for more specialized datasets that
address the varied and complex requirements of SLRs.

4. Discussion

While RAG has become a mainstream method for executing NLP tasks (including
those well-suited for SLRs), RAG-based LLMs have not been widely applied in literature
reviews. Significant gaps are seen to exist between current research efforts and the proficient
application of these models. These gaps call for the need for further exploration and
development in their applicability to this area. These gaps are discussed next.

4.1. Use of Domain-Specific LLMs

Most existing RAG systems use generalist foundation models like BERT and GPT-3.
Even when these models are augmented with specialized documents, they often cannot
fully capture or understand the technical language and industry-specific jargon necessary
to address complex problems. However, domain-specific LLMs—such as SciBERT [61] and
ChemGPT [62]—are pre-trained on data particularly relevant to fields like law, medicine,
and finance. Such specialized training enables them to generate more accurate, relevant,
and nuanced content in response to domain-specific queries. By incorporating RAG,
these models can access up-to-date, precise information from external databases and
knowledge sources, further enhancing the accuracy of their responses. As such, researchers
should further investigate RAG-based domain-specific LLMs’ application in gaining more
insightful literature reviews.

4.2. Multimodal Context for Augmentation and Multimodal Output

Academic papers frequently include multimodal data such as tables, figures, and im-
ages in addition to textual information. Furthermore, a significant portion of contemporary
scientific information is now presented as multimedia (e.g., in videos and 3D models).
Multimodal large language models (MLLMs) [63] are designed to integrate and process
information across multiple modalities like text, vision, audio, video, and 3D models. RAG-
based MLLMs can efficiently analyze and synthesize these diverse data types, providing
a more holistic understanding of research materials and enabling more comprehensive,
nuanced analysis of scientific literature. Additionally, RAG-based MLLMs could help gen-
erate figures and tables that summarize data extracted from academic papers. Therefore,
another promising research avenue lies in RAG-based MLLMs’ application in conducting
richer literature reviews.

4.3. Multiple Retrieval Sources

Current studies regarding RAG-based LLMs predominantly address retrieval from sin-
gle sources. However, scientific information is often distributed across multiple platforms,
including unstructured text corpora, knowledge graphs, domain-specific repositories, and
web content. By using multiple retrieval sources, RAG-based LLMs can draw from a
broader, more diverse data pool to ensure that literature reviews are both exhaustive and
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comprehensive. Likewise, by accessing multiple sources, these models can include niche
studies and emerging research that may not be available in mainstream databases. There-
fore, scholars should further explore RAG-based LLMs with multiple retrieval sources in
the context of literature reviews.

While RAG-based LLMs hold potential for enhancing NLP tasks relevant to sys-
tematic literature reviews (SLRs), their application in literature reviews is still limited.
Domain-specific LLMs, multimodal contexts, and multiple retrieval sources represent
three promising areas for further exploration. Domain-specific models like SciBERT and
ChemGPT improve relevance in specialized fields. Multimodal LLMs provide a more
comprehensive analysis by integrating text with visual and multimedia data. Additionally,
using multiple retrieval sources will ensure a more exhaustive and inclusive literature
review process.

5. A Framework of RAG-Based LLMs for SLRs

Current research on the application of LLMs to SLRs primarily focuses on tasks such
as literature recommendation and summarization. However, SLRs encompass a broader
range of tasks where LLMs can provide significant assistance or even full automation. A
comprehensive framework is therefore necessary to encompass the entire SLR process,
recognizing that SLRs are typically incremental. This incremental nature means that
research questions, scope, literature search and screening strategies, data extraction, and
information synthesis can all be revised, refined, or expanded in response to new ideas,
insights, and innovations as these emerge throughout the review process.

To address this, we have proposed a framework that employs RAG-based LLMs to
enhance and automate the various stages of SLRs. As illustrated in Figure 2, the SLR
process is divided into four distinct stages: literature search, literature screening, data
extraction, and information synthesis.

• Stage 1: Literature Search

For the literature search stage, the framework incorporates strategies from previous
studies [48]. An LLM generates queries based on user input, formatted according to the
requirements of different data sources. These queries are then used to retrieve relevant
articles and their metadata (e.g., title, author, abstract, keywords, and publication date)
from data sources. The LLM can function as a query rewriter, not only for generating
queries specific to each data source but also in modifying them by incorporating synonyms
or related terms. By training on diverse datasets, contextually relevant synonyms are
extracted to further expand queries and ensure more completeness and precision in the
search results. Additionally, query accuracy and coverage can be improved with external
factual and domain-specific corpora integration into the LLM through fine-tuning and
prompt augmentation [10,36].

As noted earlier, it is essential to include a wide range of data sources during this stage
to ensure that the literature review remains thorough, comprehensive, and current. LLMs
can be employed to automate and optimize the process of data source identification. These
models can be fine-tuned to consider specific user queries or additional requirements such
as the subject areas of interest, the languages in which the literature is published, and the
geographic focus of the studies. Multilingual capabilities can be incorporated, enabling
the model to retrieve literature from non-English sources. This approach ensures that the
literature search is not only comprehensive but also tailored to meet specific academic or
research goals.
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• Stage 2: Literature Screening

During the literature screening stage, an LLM-based dense or parse retriever re-ranks
the retrieved articles to identify the most relevant ones based on their similarity to the user
query [13,17,23]. With the diverse data sources being included in the search, the extracted
documents may vary significantly in terms of quality, methodologies, presentation, and
other characteristics. It is therefore important to select relevant documents according to the
research objective. For example, the reviews in the fast-evolving fields such as AI should
include not only the latest research developments in both academic and industry, but also
ensure that more emphasis is placed on academic rigor, ensuring that proper consideration
is given to peer reviewed and high quality articles. Therefore, the ranking algorithms
should also incorporate additional factors, such as journal impact factors, citation counts,
metadata, authors’ reputation, and types of articles, similar to the methods employed in
other studies [49].

• Stage 3: Data Extraction

The data extraction phase involves extracting specific data from primary research
articles while leveraging their cited references as contextual background. The level of detail
in the retrieved data can vary; for example, it can range from a broad description of an
experimental setup to the specifics of a single experimental step. Depending on the nature
and characteristics of the data to be extracted, either subtractive or abstractive methods may
be employed [38]. In addition to enriching prompts with contextual background, domain-
specific pre-trained models, such as SciBERT [61] and ChemGPT [62], can be utilized for
reviews within their respective fields. To leverage large general-purpose models like GPT-
4 [1] and LLaMA [2], domain-specific corpora may be employed to fine-tune these models
for data extraction tasks. Furthermore, to facilitate the extraction of information from
multimodal data sources—such as tables and images in the retrieved articles—multimodal
language models can be incorporated into this process [63].

• Stage 4: Information Synthesis

Following data extraction, the synthesis phase integrates the extracted data from
multiple articles to produce the desired output. Multiple LLMs, including multimodal
LLMs, may be deployed to generate various outputs, including summaries, meta-analyses,
trend analyses, or visual representations such as figures and tables, all of which provide a
comprehensive overview of the compiled data [53,54,56]. A crucial function of information
synthesis is to facilitate comparative analysis of data from different studies in a transparent
and traceable manner, thus providing insights into critical aspects of a specific topic, such
as its current status, existing gaps, emerging trends, and future research directions. Notably,
the information synthesis phase can proceed without a distinct data extraction step, as
the LLMs can directly utilize all selected papers to address specific user queries. Finally,
the outputs of these synthesis processes may be combined by another LLM to produce a
holistic review.

To enhance efficiency and minimize computational demands, metadata from articles
can substitute for full-text content during both data extraction and information synthesis
processes. This framework is strategically designed to enable iterative and adaptive aug-
mentation, wherein outputs from any stage can dynamically refine the inputs for preceding
or subsequent stages through effective prompt engineering. Given the incremental nature
of systematic literature reviews (SLRs), users should be able to rerun tasks at any stage,
leveraging outputs from previous runs to enhance current inputs. While the applications
of LLMs for document search and ranking are extensively studied [64], there is a need to
focus more on data extraction from scientific papers and information synthesis to generate
outputs that encompass various aspects through comparative analysis. To implement the
framework of RAG-based LLMs for SLRs, the following steps must be undertaken for each
SLR task: selecting an appropriate LLM, identifying an optimal training strategy, adopting
suitable RAG techniques, refining prompt engineering to enhance prompt effectiveness,
and selecting or creating datasets for model training and evaluation.
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Future Work

The proposed framework presents technical challenges and current research gaps
in the implementation of RAG-based LLMs for SLRs, where we identify several areas of
future work to pursue. Different types of LLMs, including generalist, domain-specific, and
multimodal models, will need to be evaluated alongside appropriate training strategies.
Various combinations of academic articles and metadata will be tested to enhance LLM
outputs using different prompt engineering techniques. The ultimate goal is to identify the
optimal combinations of LLM types, RAG techniques, and prompt engineering strategies
to effectively automate SLR tasks within the proposed framework.

Further research will also address strategies for designing a complete framework
that integrates RAG-based LLMs across all stages of the SLR process, from data retrieval
to synthesis and output generation, ensuring an end-to-end automation of the literature
review process. Future studies will need to undertake and investigation into how RAG-
based LLMs can improve data retrieval at varying levels of granularity from individual
scientific papers. This will allow the system to adapt to different research questions and
meet the specific needs of each systematic review. Finally, research is required to investigate
how RAG-based LLMs can more effectively synthesise and integrate retrieved data to
produce a range of outputs such as summaries, meta-analyses, and trend analyses. The
outputs would need to be presented in diverse formats, including text, tables, and figures,
to meet the needs of different audiences and purposes and this will potentially require a
study into various forms of LLM fine-tuning for the specific downstream tasks.

6. Conclusions

The Retrieval-Augmented Generation (RAG) framework comprises three fundamental
processes: retrieval, augmentation, and generation. The effectiveness of the retrieval
process is contingent upon various factors, including the type of retriever employed, the
choice of information sources, the granularity of retrieval, and any enhancements applied
either before or after retrieval. Generation can employ either Open-source Large Language
Models (LLMs) that provide flexibility and allow for task-specific customization or closed-
source LLMs that are often preferred for their advanced capabilities and the availability of
commercial support. For augmentation, the iterative and adaptive nature of the retrieval
process, characterized by multiple cycles, incrementally refines outputs by incorporating
more contextually relevant data.

RAG-based LLMs have significantly improved accuracy, relevance, and contextual
comprehension by combining real-time information retrieval with generative functions.
These enhancements position RAG-based LLMs as promising candidates for automating
various tasks associated with systematic literature reviews. Automated tasks, such as
data extraction, summarization, research synthesis, and trend identification, have the
potential to inform the scientific community about emerging fields of study more effectively.
However, this application area is still under-explored within the research community.
Critical areas that warrant further investigation include the integration of domain-specific
LLMs, the processing and generation of multimodal data, and the utilization of multiple
retrieval sources.

To address these needs, a framework employing RAG-based LLMs for SLRs is pro-
posed. Our framework encompasses the four stages of the SLR process: literature search,
literature screening, data extraction, and information synthesis. Future research should
aim to optimize the synergy between LLM selection, training strategies, RAG techniques,
and prompt engineering to implement the proposed framework, with a particular focus
on the retrieval of information from individual scientific papers and the integration of
retrieved data to generate outputs on diverse aspects such as current status, existing gaps,
and emerging trends.
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