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Abstract

Medical education involves vast study of variety of reference books. This necessitates precise information
retrieval and excellent retention of extensive, complex concepts. This work is focused to enhance the
learning of medical students with Al powered summarization and effective concept understanding with
gamification. The authors examine previous research on the integration of AI technologies and
gamification techniques in medical learning environment. The article compares and summarizes the Al-
driven retrieval methods and game-based engagement strategies, helping to improve knowledge
acquisition and retention of complex medical concepts. A thorough literature evaluation involves research
on Large Language Models (LLM), medical domain-specific retrieval model structures, and gamified,
interactive learning environments. The accuracy, contextual grounding, and adaptability of Retrieval-
Augmented Generation (RAG) systems are investigated. The impact of gamification approaches on learner
engagement and retention is crucial; hence a comparative analysis is carried out using parameters such as
domain customization, retrieval performance, and interactive features. The research showed that RAG
enhanced contextual accuracy, reducing irrelevant information in medical learning tools. Gamification
enhanced engagement, nevertheless its integration with adaptive retrieval systems was limited in previous
research. Across the reviewed work, most of the research focused either on RAG-based retrieval systems
or LLM-based content generation with less focus on interactive or gamified learning. It highlighted a gap
in designing adaptive, learner-centric medical RAG systems with effective knowledge retention. The
review of 28 research paper motivated the authors to build Gamification and Summarization Framework
for Effective Learning for Medical Students.

Keywords: Artificial Intelligence, Interactive learning environments, Information Retrieval, language
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1. INTRODUCTION

Medical education is a knowledge-intensive and dynamic sector in which learners must not only acquire
huge amounts of theoretical information but also retain and apply it in clinical settings [1]. With the rapid
evolution of medical knowledge, textbooks and reference materials are constantly updated, making it
difficult for students to remain current [1]. Lectures, reading, and taking notes are examples of traditional
learning methods that frequently lack personalization [2]. Furthermore, they usually fall short in terms of
successfully engaging students [3]. In recent years, the incorporation of artificial intelligence (Al) into
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education has created new opportunities for adaptive and data-driven learning systems. A promising
technique for producing accurate and contextually rich replies from massive document collections is RAG
architectures [4]. To increase retrieval accuracy and contextual relevance, these designs combine domain-
specific information sources with LLMs [5]. Such systems can facilitate accurate and effective information
retrieval in the medical field by bridging the gap between static textbook content and dynamic, real-time
learning needs. Few studies have thoroughly examined the relationship between RAG systems and
gamification in the context of medical pedagogy, despite the increased interest in Al-driven teaching.
Studies that are now available frequently concentrate on discrete implementations and lack a unified
framework for assessing their technological design, ethical considerations, and pedagogical impact. By
combining recent research in these areas, highlighting important design trends, evaluation metrics, and
educational implications, this literature survey seeks to close that gap. The shortcomings of traditional
learning resources, which usually fall short in sustaining student interest and accommodating individual
demands, serve as the impetus for our study. Reviewing recent research on intelligent educational aids and
examining cutting-edge methods for document retrieval and gamification are the main contributions of
this work. This paper's remaining sections are arranged as follows: A review of the literature on RAG
designs, gamification techniques, and current Al-based learning platforms is provided in Section 2. The
research gaps and research objectives are analyzed in Section 3. The results, restrictions, and possible
future study directions are covered in Section 4. The paper's main conclusions and suggestions for real-
world application are provided from Section 5 onwards.

2. LITERATURE SURVEY

There has been a notable increase in the use of cutting-edge technology in medical education and
healthcare, with research concentrating on several important areas, such as simulation, gamification, and
LLMs. Based on extensive searches in sources such as arXiv and PubMed, a thorough 2025 evaluation
emphasized the enormous potential of LLMs in clinical support and medical education [1]. Increasing
reliability for medical applications, especially through Retrieval-Augmented Generation (RAG), is a
common goal in the development of these models. To guarantee reliable information retrieval for medical
specialists, RAG is a fundamental methodology in the development of specialized medical question-
answering systems, where it is coupled with advanced rapid engineering [2]. RAG systems are scalable
and contextually rich thanks to a two-step approach that indexes medical articles into vector databases and
instantly retrieves pertinent data to respond to user inquiries [18]. RAG's performance has been
benchmarked and optimized through additional research. For example, the MEDRAG toolset showed that
RAG may greatly improve performance on medical benchmarks such as MIRAGE [6]. It has been
demonstrated that innovations like Medical Graph RAG outperform conventional RAG and GraphRAG,
setting new standards by offering more understandable and fact-based responses [12]. From developing
conversation engines for Traditional Chinese Medicine that lessen dependency on external sources [11] to
reducing hallucinations in LLMs by comparing RAG-enhanced outputs to human-generated medical
templates, where models such as GPT-4 demonstrated high accuracy [10], the usefulness of RAG has been
demonstrated in a variety of applications. RAG has been used to increase frontline health professionals'
capacity in education, specifically, but a 2023 study found that there is still opportunity for improvement,
as only 35% of responses were deemed thorough despite their high accuracy [25]. 47 studies on RAG
chatbots in education, mostly from 2024, were found in a larger survey, suggesting that interest in the
topic is expanding quickly [3].
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Research looks toward adding specific knowledge sources to LLMs in addition to RAG. For instance, by
integrating medical textbooks, the LLM-AMT framework enhances medical competency. Accuracy
increases range from 11.6% to 16.6% employing a Knowledge Self-Refiner and a hybrid retriever [7].
Similarly, it has been demonstrated that using Clinical Practice Guidelines (CPGs) greatly enhances LLM-
based clinical decision assistance [8]. Compared to general models, custom-built models such as EyeGPT,
which was created for ophthalmology, use RAG and fine-tuning on data to obtain greater empathy, better
performance, and less hallucinations [19]. Another important topic of research is the general usefulness
of models such as ChatGPT. On medical competency tests such as the USMLE, GPT-4 has proven to be
significantly more capable than its predecessors [21]. ChatGPT has demonstrated efficacy in clinical
practice by producing clinical notes, radiological reports, and discharge summaries, facilitating decision-
making and enhancing productivity [22]. Although these models make medical knowledge more
accessible, they run the danger of weakening critical thinking abilities when used incorrectly [23]. To
maximize their advantages in medical research and education while reducing hazards, strict regulations
and ethical considerations are also required [24].

The application of gamification to improve clinical reasoning and health education is another well-known
trend. Serious games are the most widely used gamification method, according to a 2025 scoping review,
with most of the research consisting of pilot or cross-sectional studies conducted in the US [4]. The most
utilized features in healthcare apps, such as points (70%), social interactions (55%), leaderboards (40%),
and progress status (40%), have been the subject of research aimed at determining the key factors of
successful gamification [28]. Although it also identified problems such as over-reliance and regional
limitations, the Delphi technique has been used to prioritize important components for medical educators
[15]. To boost motivation through psychological components, a 2023 systematic review delineated a
research agenda for gamification in healthcare, with an emphasis on chronic diseases, health education,
and preventative medicine [26]. While hybrid models employing Q-learning and deep reinforcement
learning can mimic educational environments to increase student engagement and task completion rates
[14], the incorporation of Al into serious games presents opportunities for flexible game design and
improved patient contact [16]. Lastly, simulation is still a vital component of contemporary medical
education. It offers a safe, regulated setting where students can practice handling risky or unusual clinical
situations without endangering patients [27]. With benefits including ongoing learning access,
personalized experiences, and increased cost-effectiveness, Al-driven healthcare simulation is becoming
increasingly popular [17].

Table I groups the 28 papers according to their main areas of interest, which are Simulation &
Gamification, LLM applications, and RAG, in order to compile the findings from the evaluated literature.
The methodological focus, shared restrictions, and quantifiable performance or learning indicators
relevant to medical education are examined for each group.

SUMMARY OF MEDICAL EDUCATION STUDIES

Category Number of | Key Focus / | Common Observed /
papers Methods Limitations Potential Metrics
RAG-focused 9 Retrieval- Low personalization, | Accuracy,
Augmented limited interactivity, | relevance, response
Generation,  vector | evaluation gaps time
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DBs, hybrid
retrievers
LLM 11 GPT-based QA, | Hallucinations, Correctness,
applications in summarization, fine- | inconsistent coherence,
medical contexts tuning evaluation reasoning accuracy
Simulation & |8 Serious games, | Limited technical | Engagement,
Gamification reinforcement depth, narrow scope, | adaptability,
learning, VR/AR, | insufficient scalability | knowledge gain
interactive modules

3. RESEARCH GAPS AND RESEARCH OBJECTIVES

The integration of Al particularly RAG into medical education has shown a lot of promise. The absence
of tailored learning paths, the lack of integration between information retrieval and learner engagement,
and the requirement for a standardized framework to assess their combined efficacy are the main causes
of these gaps. In order to overcome these limitations, this study suggests and assesses a new, integrated
platform. This study will be guided by the following research gaps and the goals that go along with them:
RESEARCH GAPS AND OBJECTIVES

Sr. No.

Research Gaps

Research Objectives

Most existing Al-based medical education
tools either focus on information retrieval
(RAG/LLMs) or
independently, with minimal integration
between the two.

gamification

To design and evaluate an integrated framework
that combines Retrieval-Augmented Generation
with gamification elements to deliver both
precise, relevant ~ medical

information and sustained learner engagement.

contextually

Existing RAG systems in medical
education often prioritize factual accuracy
but provide limited adaptability to
individual  learner  profiles, prior
knowledge, or preferred learning styles.
As a result, the learning experience
remains largely static and does not
optimize knowledge delivery for diverse

student needs.

To develop and evaluate a personalized
Retrieval-Augmented Generation framework
that adapts content delivery, difficulty level, and
gamification elements based on each learner’s
progress, performance, and engagement

patterns.

There is no standardized set of evaluation
metrics for measuring the combined
effectiveness of retrieval accuracy and
gamified engagement in  medical
education, making cross-comparison
between studies difficult.

To define and implement a standardized
evaluation framework that measures both
retrieval performance (accuracy, contextual
relevance, hallucination rate) and gamification
effectiveness (engagement rate, retention
improvement) in medical learning platforms.
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4. ANALYSIS

The 28 papers are divided into three categories by this analysis: Retrieval-Augmented Generation (RAG),
LLM applications in medical contexts, and Simulation & Gamification. Through representative
visualizations, the section highlights trends while examining methodological patterns, evaluation
techniques, and significant focal areas across various categories.

RAG

Fig. 1. Evaluation Metrics reported in RAG
studies

Evaluation Metrics Reported

The main objective of RAG studies is to evaluate the effectiveness of retrieval-augmented generation
methods.

Figure 1 shows the most commonly utilized metric was Accuracy/F1 score, which was followed by
BLEU/ROUGE/METEOR, Recall@K/MMR, and Human Evaluation Scores. According to this pattern,
researchers use quantitative, repeatable metrics such as Fl-score and Recall@K to evaluate the
effectiveness of retrieval-augmented generation techniques, but they also include some qualitative human
assessment to capture user-centered or practical performance aspects.

Number of Papers
w

~

-

LLMs in Medical
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While RAG studies concentrate on enhancing retrieval and response quality, LLM applications in medical
contexts prioritize domain-specific tasks and real-world applications.

Evaluation Metrics in Studies

Primary Focus Areas of LLMs in Medical

Multi-domain

Medical Education

Number of Papers

Clinical Practice

Learning Engagement/U skill satisfaction
Outcome ser Prof y q
Impravement Retention Score

Medical Research

Fig. 4. Evaluation Metrics Reported in

Gamification and Simulation stndies

Fig. 2. Primary Focus Areas of LLMs in

Figure 2 depicts the main areas of concentration for investigations using LLMs in the medical field. Clinical
practice is represented by the most prominent portion, indicating that most of the research is focused on
these applications. Notably, specialized systems like EyeGPT have demonstrated how the range of Al-
driven teaching aids can be increased by customizing LLMs for certain therapeutic domains, such as
ophthalmology [12]. Medical research, medical education, and multi-domain account for 27.3%, 18.2%,
and 9.1% of the total, respectively, indicating that these topics have received moderate attention in the
literature.

Gamification and Simulation

Gamification Element Types

Role-play/Virtual Scenarios

Points/Badges/Leaderboards

Narrative/Story-base:

Quizzes/Knowledge Checks

Fig. 3. Gamification elements employed

Gamification and simulation research emphasizes interactive learning experiences and learner outcomes
rather than model-centric performance.

Figure 3 shows the kinds of gamification components used in simulation-based research. In contrast to
points/badges/leaderboards, narratives/story-based games, and role-play/virtual scenarios, which are less
prevalent and reflect a selective use of gamification tactics in training and educational simulations,
quizzes/knowledge checks make up the biggest proportion, demonstrating their widespread use. The most
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often utilized components were points and quizzes, which demonstrated a focus on engagement and
motivation tactics.

Figure 4 represents the evaluation metrics reported in gamification and simulation studies. The greatest
improvement in learning outcomes suggests that most research focuses on improving students’ knowledge
or abilities. User retention and engagement follow, highlighting how crucial it is to maintain participants’
active participation. While satisfaction is the least reported metric, indicating that it is viewed as a secondary
outcome rather than the main goal, skill proficiency is the third most assessed metric, emphasizing the
evaluation of practical capabilities.

Overall, the literature shows increasing complexity in retrieval and fine-tuning methods, a variety of
healthcare applications for LLMs, and creative ways for gamification and simulation. A brief overview of
methodological trends, assessment techniques, and important areas of concentration in each of these
categories is given by the selected visualizations.

5. CONCLUSION

The reviewed literature emphasizes how LLMs and RAG frameworks, which provide improved accuracy
and contextual relevance in information retrieval, are rapidly advancing in medical education. Most current
systems, however, lack the motivating and dynamic elements required for long-term student involvement.
Although gamification has demonstrated potential for boosting engagement, there is yet little integration
of gamification with Al-driven, domain-specific knowledge systems. To optimize knowledge acquisition
and retention in the medical field, it is evident that solutions that successfully blend accurate, adaptive
retrieval mechanisms with captivating, personalized learning experiences are required.

6. DISCUSSIONS

Future advancements in Al-powered medical education tools might investigate further in-depth
customization by adjusting to a student’s chosen learning modes in addition to their present level of
expertise. Including multimodal learning materials, like annotated medical imagery, might improve
understanding and retention even more. We can expect that advances in RAG architectures will improve
retrieval accuracy and reduce hallucinations, though their reliability in high-stakes medical learning
remains to be validated [28]. Gamification elements may develop to incorporate variable difficulty levels,
real-time collaborative challenges, and immersive chat-based simulations; yet, their enduring effects on
knowledge retention and clinical performance remain uncertain. Future research routes will also probably
be influenced by ethical issues pertaining to explainability, bias in AI models, and data privacy. Overall,
even if the prospects are promising, further empirical research is necessary to ascertain how well these
advances can be applied in an actual medical education context.

7. LIMITATIONS

There are several restrictions in the reviewed literature that limit the current development of Al-driven,
gamified medical education systems. While few studies have integrated Retrieval-Augmented Generation
with gamification, most focus on learner engagement or retrieval accuracy separately. The reliability of
reported results has been reduced by the lack of empirical validation of such systems in real-life classrooms
or clinical training settings. Because there are no established standards for assessing gamified medical
learning resources, cross-study comparisons are difficult to conduct. Bias, hallucination, and privacy are
among the ethical and safety issues that are recognized but not always addressed in practice. Since many
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studies concentrate on certain medical specializations, domain coverage is limited, which restricts the
generalizability of the findings. Additionally, the long-term educational impact is questionable because
the majority of evaluations measure engagement and retention over short timeframes.
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