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Abstract
The advent of Large Language Models (LLMs) has been a game-changer in
the realm of Artificial Intelligence, showcasing its prowess in natural

language processing, knowledge creation, and automated decision-making.
Although they show impressive capabilities, LLM-based systems still have
significant issues with hallucination, outdated information, limited domain-
specific knowledge, and a lack of transparency, making them unreliable for
intelligent decision-support systems. The recent trend of Retrieval-Augmented
Generation (RAG) is an innovative solution that combines external
knowledge retrieval mechanisms with generative Al models to ensure the
accuracy, reliability, and trustworthiness of Al responses. The study seeks to
explore how well RAG can improve the performance of LLM-powered
systems, focusing on its contributions to factual accuracy, grounding,
preventing hallucinative responses, and decisionmaking support. A
qualitative research method using systematic analysis of recent scholarly
literature is taken to gain insight into theoretical and practical evolution of
RAG architectures. The results show that RAG is a highly effective method
to enhance LLM performance by providing domain-specific, up-todate, and
trustworthy information sources. In addition, RAG provides greater
transparency, helps users trust the Algenerated results, and minimizes
unsupported outputs. There are challenges that need to be addressed in the
future concerns of retrieval quality, computational complexity, data privacy,
scalability, and the evaluation standards. The research underscores the
importance of RAG as a major step forward in ensuring the reliability of Al-
driven decision-making, moving beyond generative capabilities to a more
trustworthy approach. The findings from the research arve applicable in
various fields, including healthcare, education, finance, and enterprise
management, and can be used to create reliable and accurate decision-

support systems powered by AL
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1. Introduction

Background of the Study

Artificial Intelligence (Al) has made tremendous
strides over the past few years, especially the
development of Large Language Models (LLMs)
that can handle complex language tasks.
Transformer-based models have exhibited
tremendous capabilities in understanding natural
language, generating natural language, reasoning,
summarization, translation, and question
answering. The advances are driving Al systems
to be used in different industries such as health
care, education, business intelligence, finance,
law, and public administration.

Large Language Models have revolutionized
human-computer interaction, as they are able to
process and generate human-like language. LLMs
are increasingly being used in applications that
assist in decision-making, automate knowledge-
intensive tasks, and deliver personalized services
to organizations. While their performance is
impressive, traditional LLMs have some
drawbacks that make them less reliable and useful
in critical applications.

Hallucination, characterized by the production of
factually incorrect or factually unsupported
sentences, is one of the most important problems
with LLMs. It should be noted that LLM outputs
are generated based on patterns learned from the
data used for training, which may not contain
direct access to verified information sources, and
thus can result in outdated, incomplete or
incorrect outputs. This restriction poses
significant problems when Al is used in sensitive
areas such as healthcare or finance, where
inaccuracies may lead to  significant
misjudgments.

Another  significant  drawback of  using
conventional LLMs is that they must be trained
using static data. These models may develop over
time due to changes in science, technology,
policies and social conditions, which can lead to
new knowledge getting added or omitted from
the models. Moreover, a general purpose LLM
may not be knowledgeable of specific areas of
expertise within a profession. This makes it
difficult for organizations to guarantee that the

responses generated by Al are accurate, relevant,
and suitable for their specific field.

To overcome these difficulties, Retrieval-
Augmented Generation (RAG) has come into the
picture as a viable solution to enhance the
trustworthiness of generative Al models. RAG is
a new paradigm introduced by Lewis et al. (2020)
that brings together the best attributes of
information retrieval systems and generative
language models. RAG can wuse external
knowledge bases (such as databases, documents,
academic  repositories, and  organizational
knowledge bases) to get relevant information that
can be used to fill out its response before it
generates it, rather than depending entirely on its
internal parameters.

By incorporating retrieval mechanisms, Al
systems can generate answers that are built on
factual content. RAG integrates evidence from
the outside and minimizes the risk of
hallucination, while increasing transparency. The
ability to achieve this is useful especially for
intelligent  decision-support  systems where
accuracy and reliability are critical requirements
along with trust.

There are several areas where RAG has
significance. In the medical field, they can also
pull up medical guidelines and research evidence
to aid in clinical decision-making. In the
education sector, these systems can offer students
and teachers timely and correct learning
materials. RAG can also provide much needed,
up to date regulatory text and market info to
assist in analytical decision making in finance.
Likewise, organizations can leverage RAG-based
systems for enhancing knowledge management
and enterprise decisions.

Moreover, RAG plays a role in the development
of trustworthy Artificial Intelligence. The core
principles of trustworthy Al include reliability,
transparency, explainability, safety, and human-
centered design. A traditional LLM may be
considered a “black-box” as there is no easy way
to know the source of generated answers. The
limitation is overcome by the ability for Al
outputs to be linked to retrieved documents and
evidence, further enhancing user trust and system

accountability, as provided by RAG.
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The recent advances in RAG research have
broadened the capability of RAGs by introducing
enhanced retrieval approaches, hybrid search
techniques, knowledge graphs, vector databases,
and enhanced ranking algorithms. The
innovations are designed to increase the precision
of the retrieval, eliminate any irrelevant
information, and increase the efficiency of Al
generated  responses. With the ongoing
advancements in generative Al, RAG is becoming
a key component of the architecture for more
reliable and context-aware Al models.

RAG systems have several drawbacks, but they
also have many benefits. Retrieval is a crucial part
for the quality of the responses produced.
Retrieved data that has been incorrect,
incomplete, or outdated can negatively affect the
outputs of Al Furthermore, considerable
computational resources, well-organized
knowledge  repositories, and  evaluation
frameworks are required to implement RAG.
Data  privacy, security, scalability, and
maintenance are other topics that need to be
explored.

Studying the effect of Retrieval-Augmented
Generation on boosting the reliability, accuracy
and trustworthiness of Large Language Models is
crucial to the evolution of intelligent decision-
support systems. This paper aims to discuss the
challenges that LLM-based systems face and how
RAG can help overcome them to create reliable
Al systems.

Problem Statement

While LLMs have shown remarkable results in
generating responses that are more aligned with
human-like text, their potential in intelligent
decision-support systems has yet to be fully
harnessed, and several issues, including
hallucination, inaccurate information generation,
outdated knowledge, and lack of transparency,
have raised concerns for the community. These
constraints pose obstacles to the implementation
of Al systems in sectors with high stakes for
dependable decision-making. Thus, it is crucial to
explore the potential of using Retrieval-
Augmented Generation to improve the accuracy,

reliability, and trustworthiness of systems
powered by LLMs.

Research Objectives

To explore the effect of Retrieval-Augmented
Generation on enhancing LLM accuracy.

To examine how RAG helps to minimize
hallucination and enhance factual accuracy.

3. To understand the role of RAG in improving
trust and transparency in decision support
systems powered by Al

To highlight the technical and practical issues
faced with the implementation of RAG.

5. To talk about the future possibilities of
intelligent applications with RAG enabled.

Research Questions

RQI1: What is the effect of Retrieval-Augmented
Generation on the accuracy of Large Language
Models?

RQ2: What does RAG do to minimize
hallucination and boost factual reliability?

RQ3: How does RAG contribute to building
trustable Al-driven decision-making systems!
RQ4: What are the challenges that affect the
effectiveness and adoption of RAG architectures!?
RQ5: What are the potential future paths for
intelligent applications using RAGs?

The study is meaningful in many ways.The study
has a lot of meaning!

This research adds to the growing body of work
on Generative Artificial Intelligence by offering a
thorough exploration of the benefits that
Retrieval-Augmented Generation brings to Large
Language Models in terms of performance and
reliability. The research provides valuable insights
for Al researchers, technology developers,
organizations, and policymakers seeking to design
responsible and trustworthy Al systems.

This study underscores the benefits and obstacles
of RAG, and paves the way for crafting accurate,
transparent, and reliable Al applications for real-
world decision-making.

2. Literature Review
In this course, students will investigate the
accuracy of Large Language Models (LLMs). This

https://ijournalar.com

| Malik et al., 2026 |

Page 404



INTERNATIONAL JOURNAL OF ADVANCED RESEARCH

ISSN: 3106-7980: 3106-7972

Volume 3, Issue 2 [April, 2026]

course aims to explore the accuracy of Large
Language Models (LLMs).

Though Large Language Models (LLMs) have
made substantial advances in NLP, their reliance
on pre-trained knowledge restricts their capacity
to  deliver timely and  industry-specific
information. However, traditional LLMs produce
answers in line with the patterns they've learned
during training, thereby providing inaccurate
answers to recent events, specialized knowledge,
or complex, professional questions. To address
these  limitations, a  retrieval-augmented
generation (RAG) method has been proposed
that combines retrieval with generation.

RAG was proposed by Lewis et al. (2020), who
looked at a neural retriever along with a
sequence-to-sequence generator. Unlike
traditional language models, RAG systems fetch
relevant documents from external knowledge
sources and employ these documents as extra
context to produce answers to queries. This
retrieval function enables models to learn from
information sources other than the information
they were originally trained on, enhancing their
factual accuracy and context appropriateness.

It has been found that incorporating RAG can
enhance the capabilities of LLMs in knowledge-
based tasks.Recent research has shown that
adding RAG can greatly enhance the
performance of LLMs in knowledge-intensive
tasks. RAG helps mitigate reliance on memorized
patterns and ensures more accurate responses in
specialized content areas by basing them on
retrieved information. In the medical field, for
instance, retrieval systems enable Al to access
medical literature, clinical guidelines, and
institutional databases, leading to more accurate
decision-making support.

Additionally, RAG can be used to fine-tune Al
systems with organizations' knowledge bases,
enhancing the system's ability to adapt to the
specific needs of the domain. Organizations can
embed domain-specific documents into the
retrieval system, and avoid retraining large
models to utilize the domain-specific knowledge
embedded in these documents, while
simultaneously enhancing the performance of the
tasks. This functionality has boosted the

adoption of RAG in enterprise settings where
bespoke and precise Al solutions are desired.

In recent times, researchers have also investigated
more sophisticated RAG architectures, such as a
hybrid retrieval strategy that integrates semantic
and keyword-based retrieval, integration of
knowledge graph, and enhanced document
ranking methods. The developments are designed
to improve retrieval precision and also to make
sure that the generated responses are derived
from the most relevant and reliable information
sources.

But the success of RAG is highly dependent on
the quality of retrieval. Even when the retrieval
component is accurate and complete, the
generation may still contain inaccuracies due to
the irrelevant or incomplete information in the
retrieval. So ongoing upgrading of retrieval
algorithms, database management and evaluation
techniques are still crucial to optimise RAG
performance.

2.2 RAG, Hallucination Reduction, and
Reliability of Al Systems

One of the biggest pitfalls of LLMs is that they
can generate false data when they are confident
and fluent in their communication. One major
reliability issue is that users might think Al-
generated information is correct, leading to
incorrect information. Hallucination poses
significant reliability issues since wusers may
assume that Al-generated information is correct.
This is especially a problem in high-stakes
environments like healthcare, law, education, and
financial decisions.

Retrieval-Augmented Generation is an effective
way to reduce hallucination, which links Al-
generated responses with evidence. RAG systems
don't just generate information based on internal
parameters but instead they pull in relevant
documents as context. This grounding process
enhances factual consistency and refines over-
claims.

It has been found that RAG-based systems
achieve better fact accuracy than the traditional
LLM-based methods. These systems can use
trusted sources of information to make more
accurate judgments on reliable information
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versus doubt. Furthermore, retrieval-based
generation allows for users to analyze the sources
of Al-generated outputs, which enhances
transparency and accountability.

In addition to accuracy, Al systems need to be
reliable, consistent, and explainable, with the
ability to be traced back to their origins. RAG
helps with these aspects by linking generated
answers with external knowledge. This function
enables the user to check information and
comprehend the logic behind Al-generated
answers.

While these benefits are great, RAG doesn't
eliminate  hallucination entirely. However,
research indicates that the retrieval failure,
misretrieval of documents or failure of retrieval
to be integrated with the documents in a desired
manner may also cause hallucination. Thus
enhancement of the retrieval evaluation methods
and development of better grounding methods
are still important research concerns.

The other difficulty is to keep knowledge quality.
RAG systems rely on external databases that can
lead to outputs being affected by inaccurate or
biased information in the knowledge repository.
Thus, it is essential to have a proper knowledge
management and quality control process for
reliable Al performance.

2.3 RAG and Trustworthy Al-Based Decision
Support Systems

With the growing adoption of Al in various
critical decision-making processes, Trustworthy
Al has emerged as a significant research priority.
Trustworthy Al places a strong focus on key
principles, such as reliability, transparency,
explainability, fairness, privacy, and human
oversight.

However, traditional LLMs have been criticized
for their lack of explainability and their

information sources are not always apparent.
Users might not get responses with explanation
of how conclusions were reached or evidence
supporting them. The lack of transparency leads
to a trust deficit in Al systems, especially in
professional settings.

RAG enhances the explainability and evidence-
based reasoning in Al promoting
trustworthiness. Retrieved documents support
the generation of the documents, allowing the
userts to assess the correctness and relevance of Al
generated documents. This enhances human
trust and enables responsible Al usage.

Reliability is crucial in intelligent decision-
support systems, as Al-generated responses can
impact critical decisions. RAG facilitates better
decision making through availability of up to date
and domain specific information. In healthcare,
education and business, for instance, the
decision-makers can leverage RAG systems to
review the documents that are relevant to their
decisions and make recommendations based on
these documents, which are backed by evidence.
In education, RAG-based Al tutors can provide
students with accurate learning materials and
personalized = explanations based on verified
educational resources. RAG can enhance
knowledge management in organizations by
enabling employees to have access to the
organization's documents and institutional
knowledge. RAG-based systems can also help
provide policymakers with access to relevant
regulations, reports, and research evidence in
governance.

But, reliable Al is not just about technology.
Responsible Al Development: Ethical
considerations, data privacy, security, and human
oversight will continue to be crucial elements.
Thus, RAG can be seen as a part of a more
comprehensive trustworthy Al system.

Table 1

Summary of Literature Themes

Theme Major Findings

RAG and  LLM | Improves factual accuracy through external knowledge retrieval
Accuracy

Hallucination Provides evidence-based responses and reduces unsupported outputs
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Reduction

Trustworthy Al

Enhances transparency, explainability, and user confidence

Decision Support
finance, and business

Enables domain-specific Al applications in healthcare, education,

2.4 Research Gap

While extensive research has already been
conducted on LLM's and their applications, there
are some gaps in the research that have been
identified in regards to RetrievalAugmented
Generation. Current work has been primarily
devoted to technical enhancements, retrieval
algorithms and model performance metrics, and
there has been little attention paid to the wider
connections between RAG, trustworthy Al and
intelligent decision-support systems.

Also, although RAG has shown promise in
mitigating hallucination and accuracy issues,
there are still not enough studies on reliability,
knowledge quality, scalability, and ethical RAG
implementation. Previous research tends to
concentrate on individual technical elements, but
lacks a holistic interdisciplinary perspective on
the role of RAG in enabling successful Al
adoption.

To tackle this research gap, this study investigates
how Retrieval-Augmented Generation (RAG) can
improve  the reliability,  and
trustworthiness of LLMs for intelligent decision-

accuracy,

making systems. The research offers a more
comprehensive overview, linking technology
developments with realworld issues and
prospects.

3. Methodology

3.1 Research Design

This study utilizes a qualitative research design to
examine how Retrieval-Augmented Generation
(RAG) can improve the accuracy, reliability, and
trustworthiness of lLarge Language Models
(LLMs) in creating intelligent decision-support
systems. This study was designed using a
qualitative method because instead of testing
statistical relationships, it seeks to gain an
understanding of the technological
developments, practical applications, challenges

and future opportunities that lie in the field of
RAG.

The research process is systematic literature
analysis, where recent research in the academic,
technical, and scientific literature on RAG
architectures, Generative Artificial Intelligence,
reliability of LLMs, and trustworthy Al systems
are analyzed. This way, you can delve deep into
new ideas and trends in the ever-changing world

of Al

The following data sources and selection criteria
are included:

Secondary data are obtained from credible
academic databases and technology research
repositories. The sources include:

e [EEE Xplore

¢ ACM Digital Library

e ScienceDirect

e SpringerLink

¢ Scopus-indexed journals

¢ arXiv research publications

¢ Official Al research reports

The literature search was limited to publications
concerning:

1. Retrieval-Augmented Generation
architectures

The 2. Large Language Model limitations are
described. The 2. Large Language Model
limitations are stated.

3. Al hallucination and factual reliability

4. Trustworthy Artificial Intelligence

5. Intelligent decision-support applications

The articles published in the last six years (2020-
2026) were prioritized, as this covers the latest
developments in Generative Al and RAG
technologies.

3.3 Data Analysis Procedure

Data collected were analysed using thematic
analysis. This approach can be used to detect
common themes, connections, and research
trends in qualitative data.

The steps of the analysis process were:
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Step 1: Literature Familiarization

To get a deep understanding of the key concepts,
methodologies, and conclusions from relevant
studies in the field of RAG and LLM systems.
Step 2: Coding Process

Preliminary codes were derived and identified to
include key concepts such as:

*  Accuracy improvement

¢ Knowledge grounding

¢ Hallucination reduction

e Transparency

e Reliability challenges

¢ Decision-support applications

Step 3: Theme Development

Table 2
Data Analysis Framework

The codes that were identified were grouped
together into larger themes:

To improve the accuracy of the LLM using
retrieval mechanisms.To improve the accuracy of
the LLM using retrieval mechanisms.

3. Adjusting the Individual to the Stressful
Environment

3. Creating Al Decisions Support Systems that
are trusted.

4. Challenges and future directions of RAG

Step 4: Interpretation

They were broken down by the themes identified
and analyzed in order to gain a whole-of-spectrum
perspective on the role RAG plays in creating
reliable and trustworthy applications of Al.

Analytical Theme

Key Focus Areas

Accuracy Enhancement

Knowledge retrieval, contextual relevance, domain adaptation

Reliability Improvement

Hallucination reduction, factual grounding, verification

Trustworthy Al

Transparency, explainability, user confidence

Implementation Challenges

Data quality, privacy, scalability, computational cost

Future Directions

Advanced retrieval, autonomous Al agents, hybrid systems

3.4 Quality Assurance

Several quality assurance measures were used in
order to enhance the trustworthiness and
reliability of the study:

Peer-reviewed academic article published were
preferred.

Findings from a variety of sources were analyzed
for patterns.

Relevant and recent studies were emphasized.
Thematic interpretations were created on the
basis of multiple occurrences in literature.

These measures contributed to the results
reflecting the state of the art in RAG research.

3.5 Ethical Considerations

No direct human involvement was used in this
study as all of the data gathered were based on
published literature and publicly available
research materials. Hence, there was no need for
ethical evaluation.

But ethical research practices were ensured by:
Appropriate recognition of the work of others.

Representations of previous results are accurate.
¢ Avoidance of plagiarism.
Observance of rules of academic integrity.

3.6 Methodological Limitations

The qualitative approach to learning, which is
literature based, has some limitations, but it does
offer a full conceptual understanding. The study
does not involve actually testing RAG models or
comparing the performance of various Al
architectures. Moreover, the technology of RAGs
is continuously evolving and new technology will
be developed in the future that is not included in
this analysis.

4. Findings and Discussion

Based on the existing literature, the present study
found four main themes concerning the role of
Retrievall Augmented Generation (RAG) on
enhancing the accuracy, reliability —and
trustworthiness of Large Language Models
(LLMs). The results show that RAG is a major
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step forward in Generative Artificial Intelligence,
overcoming some of the drawbacks of traditional
LLM architectures.

Theme 1: Retrieval-Augmented Generation for
improving LLM accuracy

The first major theme identified from the
literature is the contribution of RAG toward
improving the accuracy of Large Language
Models. While traditional LLMs produce answers
based on patterns they learned during pre-
training, they might not have up-to-date
information and may lack domain-specific
knowledge. RAG mitigates this by enabling
models to fetch relevant data from external
knowledge sources before answering questions.
Lewis et al. (2020) state that RAG can be used to
enhance NLP systems that process natural
language by integrating retrieval and generative
models. The retrieval part gives additional
context making the language model more
grounded and relevant. This allows less reliance
on internal model memory and access to newer
information.

The literature points out that RAG can be
especially valuable in niche application areas
where precision is a key part of the success. For
instance, in healthcare decision-support systems,
medical guidelines and research evidence can be
retrieved prior to generating recommendations.
Likewise, Al-powered educational systems can
help provide accurate explanations and
personalized guidance, using the most recent
learning material.

Moreover, RAG allows companies to tailor Al
systems to their individual knowledge needs.
Organizations can link LLMs to organizational
databases, documents, and specialized
repositories without the need for retraining large
language models. This feature enhances efficiency
without compromising on Al quality.

But, the quality of the retrieval is directly linked
to the accuracy of the RAG-based systems,
researchers note. The documents retrieved may
not be relevant, complete, or up to date, which
could result in an error in the generated
response. Thus, to best leverage RAG
performance, it is crucial to have effective

indexing, ranking mechanisms, and knowledge
management strategies.

The second theme focuses on reducing
hallucination and enhancing Al reliability.The
second theme was focused on decreasing
hallucination and enhancing Al reliability.

The second theme is on the capacity of RAG to
decrease hallucination and boost Al reliability.
One of the major drawbacks of LLMs is
hallucination, where the models give out
confident responses that are factually wrong. This
challenge is a problem when implementing real-
world Al systems in high-risk decision-making
settings.

The results indicate that RAG slows down
hallucination because it ensures that Al answers
are backed by retrieved material. RAG systems
rely on external information sources, in addition
to learned parameters, when generating
responses. This technique enhances factual
consistency, and boosts the reliability of
generated outputs.

Research indicates that user confidence is
increased with evidence-based generation since
answers can be referred to the documents or
information source. This capability is especially
beneficial in the professional setting where users
need to explain and validate the Al's
recommendations.

In financial decision-support systems, for
instance, RAG might gather up to date financial
records, laws, and reports from the market before
giving analytical suggestions. Likewise, legal Al
tools can be given access to pertinent legal
documents and case data to aid them more
effectively.

Although these benefits may be present, the
literature has pointed out that RAG is not a cure-
all for hallucination. These errors can still
happen if the information retrieved is inaccurate,
insufficient, or if the information retrieved is
interpreted incorrectly. Thus, there is still a need
for ongoing algorithm development and
assessment methods.

Theme 3 examines how RAG can serve as a
building block for trustworthy Al.

https://ijournalar.com

| Malik et al., 2026 |

Page 409



INTERNATIONAL JOURNAL OF ADVANCED RESEARCH

ISSN: 3106-7980: 3106-7972

Volume 3, Issue 2 [April, 2026]

Theme 3 discusses RAG as a building block for
trustworthy Al

The third theme is about how RAG can be used
to create Al systems that are trusted. Integrity is
now a key issue, as companies are increasingly
turning to Al technologies to make decisions.
Systems  that are accurate, transparent,
explainable and accountable are essential for
trustworthy Al In traditional LLMs, it is difficult
for users to understand how the responses are
generated, making the model appear as a black
box.Traditional LLMs are black-box systems in
which it is difficult for users to understand how
the response is generated. RAG enhances
transparency by linking Al-generated content to
external sources of information.

It is easier to follow the lines of reasoning in the
documents and to check the reliability of
information retrieved in the documents. This
aspect enhances the ability of humans to engage
with Al, enabling them to make informed
decisions and not blindly follow Al-generated
content.

According to the literature, RAG can enhance
various aspects that contribute to responsible Al
adoption, such as:

Transparency: Users can determine what
information supports the response.

Explainability: Al outputs are more -easily
understood.

¢  Accountability: Sources are retrieved for
generated content.

Responses are more consistent and fact based.
Table 3

Major Benefits and Challenges of RAG Systems

RAG is thus a crucial development in responsibly
using knowledge while enabling Al systems with
strong generation abilities.

Theme 4: Challenges and limitations of
implementation of RAGs

While there are many benefits of RAG, there are
also some potential challenges to consider when
implementing it.

1. Retrieval Quality
Retrieval of information is crucial to the success
of RAG. If content is poorly retrieved, it can bias
the generation process or add irrelevant and
misleading content.

2. Data Privacy and Security

It is essential for organizations with private
knowledge repositories that they protect sensitive
information. Unauthorized access to private
databases might bring up security issues.

3. Computational Requirements

Handling document processing, embedding
generation, storage and retrieval operations for
large-scale RAG systems demands substantial
computational resources.

4. Evaluation Difficulties

Evaluating RAG performance is difficult as it
involves assessing several aspects such as the
accuracy of the retrieval, the quality of the
response, the factual correctness, and the level of
satisfaction of the user.

Benefits

Challenges

Improved factual accuracy

Retrieval errors

Reduced hallucination

Data quality issues

Updated knowledge access

Computational cost

Domain adaptation

Privacy concerns

Increased transparency

Evaluation complexity

Better decision support

Scalability problems
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Figure 1
Role of RAG in Improving Intelligent Decision Support
External Knowledge Sources
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Opverall Discussion

The results show that Retrieval-lAugmented
Generation is a good solution to several problems
of traditional LLMs. RAG combines external
knowledge retrieval with generative properties,
which helps to improve the factual accuracy,
minimize the likelihood of hallucination, and
increase transparency.

The findings also highlight RAG's potential to be
more than just a technical improvement; it's a
crucial framework for building trustworthy Al
systems. Retrieval-based evidence and generative
intelligence can make Al systems more
trustworthy and applicable to professional
decision-making contexts.

Challenges in retrieval effectiveness, knowledge
quality, security, and evaluation need to be
addressed, however, for successful
implementation. For future research, adaptive
RAG architectures with the capability of dynamic
learning, better reasoning, and self-knowledge
management will be pursued.

5. Conclusion

The new large language model (LLM) has
brought range of possibilities for
reimagining  information  processing  and
intelligent decision-making. Despite these strides,

a  wide

various challenges such as hallucination, dated
information, transparency, and reliability remain,
curbing the widespread use of LLM-based systems
The study investigated
Retrieval-Augmented Generation (RAG), a new
method to improve the accuracy, reliability and
trustworthiness of LLMs in intelligent decision-
support systems.

The results show that RAG is a promising
approach to address multiple challenges of
traditional LLMs, such as limited knowledge, by
incorporating external knowledge retrieval and
generation functions. RAG allows Al systems to
draw more accurate, relevant, and evidence-based
conclusions by tapping into relevant, up-to-date
information sources, particularly those specific to
the domain. The retrieval mechanism helps limit
the reliance on static training data and enhances
the capability of Al models to deal with particular
knowledge requirements.

Additionally, the significance of RAG in
minimizing Al hallucination is emphasized. RAG
ensures consistency in facts and boosts user trust
by basing the generated responses on retrieved
documents and verified information sources. In
high-stakes verticals like healthcare, education,
finance, governance, and enterprise decision

in sensitive areas.

https://ijournalar.com

| Malik et al., 2026 |

Page 411



INTERNATIONAL JOURNAL OF ADVANCED RESEARCH

ISSN: 3106-7980: 3106-7972

Volume 3, Issue 2 [April, 2026]

making, misinformation from Al can have
adverse effects, making this a critical attribute.
The study also shows the vital role played by
RAG in the development of reliable Artificial
Intelligence systems. RAG enhances
transparency, explainability, and accountability,
fostering trust in and understanding of Al-
generated content. As a result, RAG is a
significant advancement in the responsible use of
Al, offering a balance between strong language
generation capabilities and accurate knowledge-
based reasoning.

While these benefits, the study reveals several
drawbacks of RAGs, such as retrieval quality, data
privacy, computational demands, scalability, and
evaluation challenges. To meet these challenges,
ongoing research into new and better retrieval
techniques, new and better knowledge
management techniques, and full-scale evaluation
frameworks will be needed.

In summary, Retrieval-Augmented Generation is
a leap forward in Generative Al and offers a
tantalizing glimpse into creating robust,
transparent, and trustworthy intelligent decision-
support systems.

6. Practical Implications

This study has several implications for
researchers, organizations, and Al developers.
Implications for Al Developers

To enhance factual accuracy and minimize
hallucination, developers need to embed RAG
architecture within LLM-powered applications.
During the development of the system, the use of
effective retrieval mechanisms, the creation of
high-quality knowledge repositories, and the use
of advanced ranking techniques should be
emphasized.

2. Implications for Organizations

RAG is a potentially valuable approach to
enhance reliability and domain adaptation for
organizations using Al-based decision-support
systems.  Integrating Al  systems  with
organizational knowledge bases can enable the
creation of tailored solutions that meet the
specific needs of the business.

3.1 Policy Sustainability - Education Sector

The wuse of RAG-powered Al systems in
educational institutions can enable them to offer
reliable academic support, personalized learning
materials, and precise educational assistance.
These types of systems can enhance access to up-
to-date knowledge  while guaranteeing
information accuracy.

4. Implications for healthcare and professional
domains

In high-risk industries such as healthcare, RAG
can aid in making informed decisions based on
accurate professional knowledge by feeding
verified data into Al systems. But, when the
decisions made by Al affect critical areas, human
oversight must continue to play a key role.

5. Policy Implications

Policymakers have the opportunity to establish
guidelines for the responsible use of RAGs
powered by Al, emphasizing transparency, privacy
protection, accountability, and ethical Al use.
The following are limitations of the study.

While this research offers valuable insights into
RAG-based Al systems, there are several
limitations to be noted.

The first is the lack of experimental testing of
particular RAG models, and the second is that
the research is qualitative in nature, with existing
literature analyzed. Empirical studies are possible
to compare RAG-enhanced systems with
traditional LLMs in the future.

Second, the development of Generative Al
technologies is still in a fast-paced state with new
approaches to RAG and new architectures
appearing. Some new findings may need further
study, therefore.

Thirdly, there is a broader interdisciplinary
perspective in this research; however, domain-
specific research may lead to further insights into
RAG implementation in disciplines like health,
education, finance, and governance

8. Future Research Directions

There are several areas that are important for
future research on  Retrieval-Augmented
Generation:
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1. Advanced Retrieval Mechanisms

The researchers need to invest some time in
developing better retrieval algorithms, hybrid
search  strategies, and knowledge graph
integration to improve information accuracy.

2. Autonomous RAG Systems

Future studies could explore a more dynamic
autonomous RAG system that automatically
detects data needs and uses the right knowledge
sources.

3. Evaluation Framework Development

A comprehensive assessment method should be
developed to assess the performance of RAG in
terms of accuracy, reliability, transparency, and
user satisfaction.

4. Privacy-Preserving RAG

Security of RAG systems that can leverage
sensitive organizational data with privacy and
confidentiality should be a research focus.

5. Human-Al Collaboration

Future work needs to explore the effectiveness of
RAGsS to assist human decision makers, but still
retain an adequate level of human oversight.

9. Final Research Contribution

This research aims to deliver a deep and holistic
view of how RA can boost the performance and
reliability of LLM systems, adding to the
burgeoning body of literature on Generative
Artificial Intelligence in this field. The study
shows that RAG can be more than just a
technical advancement; it's also a significant
framework for constructing trustworthy Al
systems that can aid in complex decision-making.
RAG can be a key component in creating more
accurate, transparent, and reliable Al applications
by leveraging retrieval-based knowledge access
and advanced language generation.
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