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Abstract

Background: Medical question answering (QA) is essential for various medical applications. While small-scale pre-training
language models (PLMs) are widely adopted in open-domain QA tasks through fine-tuning with related datasets, applying this
approach in the medical domain requires significant and rigorous integration of external knowledge. Knowledge-enhanced small-
scale PLMs have been proposed to incorporate knowledge bases (KBs) to improve performance, as KBs contain vast amounts of
factual knowledge. Large language models (LLMs) contain a vast amount of knowledge and have attracted significant research
interest due to their outstanding natural language processing (NLP) capabilities. KBs and LLMs can provide external knowledge
to enhance small-scale models in medical QA.

Objective: KBs consist of structured factual knowledge that must be converted into sentences to align with the input format of
PLMs. However, these converted sentences often lack semantic coherence, potentially causing them to deviate from the intrinsic
knowledge of KBs. LLMs, on the other hand, can generate natural, semantically rich sentences, but they may also produce
irrelevant or inaccurate statements. Retrieval-augmented generation (RAG) paradigm enhances LLMs by retrieving relevant
information from an external database before responding. By integrating LLMs and KBs using the RAG paradigm, it is possible
to generate statements that combine the factual knowledge of KBs with the semantic richness of LLMs, thereby enhancing the
performance of small-scale models. In this paper, we explore a RAG fine-tuning method, RAG-mQA, that combines KBs and
LLMs to improve small-scale models in medical QA.

Methods: In the RAG fine-tuning scenario, we adopt medical KBs as an external database to augment the text generation of
LLMs, producing statements that integrate medical domain knowledge with semantic knowledge. Specifically, KBs are used to
extract medical concepts from the input text, while LLMs are tasked with generating statements based on these extracted
concepts. In addition, we introduce two strategies for constructing knowledge: KB-based and LLM-based construction. In the
KB-based scenario, we extract medical concepts from the input text using KBs and convert them into sentences by connecting
the concepts sequentially. In the LLM-based scenario, we provide the input text to an LLM, which generates relevant statements
to answer the question. For downstream QA tasks, the knowledge produced by these three strategies is inserted into the input text
to fine-tune a small-scale PLM. F1 and exact match (EM) scores are employed as evaluation metrics for performance
comparison. Fine-tuned PLMs without knowledge insertion serve as baselines. Experiments are conducted on two medical QA
datasets: emrQA (English) and MedicalQA (Chinese).

Results: RAG-mQA achieved the best results on both datasets. On the MedicalQA dataset, compared to the KB-based and LLM-
based enhancement methods, RAG-mQA improved the F1 score by 0.59% and 2.36%, and the EM score by 2.96% and 11.18%,
respectively. On the emrQA dataset, the EM score of RAG-mQA exceeded those of the KB-based and LLM-based methods by
4.65% and 7.01%, respectively.

Conclusions: Experimental results demonstrate that RAG fine-tuning method can improve the model performance in medical
QA. RAG-mQA achieves greater improvements compared to other knowledge-enhanced methods. Clinical Trial: This study
does not involve trial registration.
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Abstract

Background: Medical question answering (QA) is essential for various medical applications. While
small-scale  pre-training  language  models  (PLMs)  are  widely  adopted  in  open-domain  QA tasks
through fine-tuning with related datasets,  applying this  approach in the medical domain requires
significant and rigorous integration of external knowledge. Knowledge-enhanced small-scale PLMs
have been proposed to incorporate knowledge bases (KBs) to improve performance, as KBs contain
vast  amounts  of  factual  knowledge.  Large  language  models  (LLMs)  contain  a  vast  amount  of
knowledge and have attracted significant research interest due to their outstanding natural language
processing (NLP) capabilities. KBs and LLMs can provide external knowledge to enhance small-
scale models in medical QA.
Objective: KBs consist of structured factual knowledge that must be converted into sentences to
align  with  the  input  format  of  PLMs.  However,  these  converted  sentences  often  lack  semantic
coherence, potentially causing them to deviate from the intrinsic knowledge of KBs. LLMs, on the
other hand, can generate natural, semantically rich sentences, but they may also produce irrelevant or
inaccurate  statements.  Retrieval-augmented  generation  (RAG)  paradigm  enhances  LLMs  by
retrieving relevant information from an external database before responding. By integrating LLMs
and KBs using the RAG paradigm, it is possible to generate statements that combine the factual
knowledge of  KBs with  the  semantic  richness  of  LLMs,  thereby enhancing the  performance of
small-scale models. In this paper, we explore a RAG fine-tuning method, RAG-mQA, that combines
KBs and LLMs to improve small-scale models in medical QA.
Methods: In  the  RAG fine-tuning  scenario,  we  adopt  medical  KBs  as  an  external  database  to
augment  the  text  generation  of  LLMs,  producing  statements  that  integrate  medical  domain
knowledge with semantic knowledge. Specifically, KBs are used to extract medical concepts from
the input text, while LLMs are tasked with generating statements based on these extracted concepts.
In  addition,  we introduce  two strategies  for  constructing  knowledge:  KB-based and LLM-based
construction. In the KB-based scenario, we extract medical concepts from the input text using KBs
and convert them into sentences by connecting the concepts sequentially. In the LLM-based scenario,
we provide the input text to an LLM, which generates relevant statements to answer the question. For
downstream QA tasks, the knowledge produced by these three strategies is inserted into the input text
to fine-tune a small-scale PLM. F1 and exact match (EM) scores are employed as evaluation metrics
for  performance  comparison.  Fine-tuned  PLMs without  knowledge  insertion  serve  as  baselines.
Experiments  are  conducted  on  two  medical  QA  datasets:  emrQA  (English)  and  MedicalQA
(Chinese).
Results: RAG-mQA achieved the best results on both datasets. On the MedicalQA dataset, compared
to  the  KB-based  and  LLM-based enhancement  methods,  RAG-mQA improved  the  F1 score  by
0.59% and 2.36%, and the EM score by 2.96% and 11.18%, respectively. On the emrQA dataset, the
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EM score of RAG-mQA exceeded those of the KB-based and LLM-based methods by 4.65% and
7.01%, respectively.
Conclusions: Experimental  results  demonstrate  that  RAG  fine-tuning  method  can  improve  the
model performance in medical QA.  RAG-mQA achieves greater improvements compared to  other
knowledge-enhanced methods.

Keywords:  medical  question-answering;  retrieval-augmented  generation;  knowledge bases;  large
language models

Introduction

Medical  artificial  intelligence  (AI)  has  garnered  significant  research  interest,  with  various
applications such as medical recommendation systems, clinical decision-making support systems,
and medical chatbots—based on medical question-answering (QA)—playing an increasingly critical
role [1–3].  Small-scale pre-training language models (PLMs) have been widely applied in open-
domain QA tasks. Compared to open-domain QA, medical QA involves more complex technical
terminology and requires models to have a deeper understanding of medical knowledge [4,5]. Small-
scale models fine-tuned on medical QA datasets for downstream tasks often lack comprehensive
medical knowledge.

Knowledge-enhanced methods have been proposed to  inject  external  knowledge into small-scale
models to improve their performance [6]. For example, given the question “Was the patient ever
prescribed  a  non-steroidal  anti-inflammatory  agent?”  and  the  electronic  medical  record  (EMR)
stating, “The patient was treated with aspirin,” the semantics of the EMR alone do not provide an
intuitive answer. However, the medical knowledge that “Aspirin is a non-steroidal anti-inflammatory
agent” provides the necessary information to answer the question.

Generally,  knowledge-enhanced  methods  inject  knowledge  in  pre-training  stage  and  fine-tune
models for downstream tasks [7,8]. For instance, M-cERNIE [9] enriches the representation of each
medical  entity  in  pre-training  stage  to  improve  model  performance.  Pre-training  requires  a
substantial amount of computational resources [10]. For specific downstream tasks like medical QA,
this paper explores knowledge-enhanced fine-tuning methods in resource-constrained environments.

Medical concepts and their relations constitute medical knowledge bases (KBs), which are usually
utilized as additional knowledge sources due to their comprehensive and specialized information.
Structured KBs need to be converted into text to fit the input format of PLMs. Existing conversion
methods construct statements by sequentially connecting medical terms and  relations [11]. For a
single relation between two concepts, the conversion methods are direct and effective. However, in
complex  cases  involving  multiple  terms  and  relations,  these  methods  struggle  to  preserve  the
relational descriptions from KBs, leading to statements that deviate from the original knowledge and
may produce ambiguous sentences.

Large language models (LLMs) have been used across a range of natural language processing (NLP)
tasks  [12–14].  Retrieval-augmented  generation  (RAG)  paradigm  aims  to  augment  LLMs  by
retrieving related information before generating [15,16]. Although RAG-based LLMs can be applied
to  medical  QA tasks  through in-context  learning (ICL),  their  generative  responses  often  include
extraneous information beyond the answers,  resulting in outputs mixed with noise.  Furthermore,
fine-tuning  LLMs  also  consumes  a  significant  amount  of  computational  resources.  Instead  of
enhancing LLMs using RAG paradigm, this paper explores the knowledge enhancement of small-
scale models under limited computational resources.
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LLMs encompass rich semantic knowledge and can generate natural statements that conform to the
input  format  of  models.  However,  the  generated  statements  may  not  always  align  with  factual
knowledge  and may  even produce  sentences  unrelated  to  the  topic.  Therefore,  it  is  essential  to
combine KBs and LLMs to construct accurate and reliable knowledge.

In this paper, we propose a RAG fine-tuning method, RAG-mQA, to enhance small-scale PLMs by
incorporating concise, accurate and complete knowledge. In the RAG-based knowledge construction
scenario, KBs are utilized as an external database to retrieve relevant medical information, while
LLMs are tasked with generating clear and precise statements based on the retrieved information.
These generated statements are then inserted into the input text as external knowledge to fine-tune
small-scale PLMs. Additionally, we introduce two other strategies for knowledge construction. In the
KB-based construction strategy, text converted from KBs is inserted into the input. In the LLM-
based construction strategy, LLMs generate useful knowledge to assist in answering questions. These
strategies are compared on medical QA tasks to demonstrate the effectiveness of different knowledge
sources.

The main contributions of this work are listed as follows:
1. Unlike  existing  knowledge-enhanced  PLMs,  we  propose  a  RAG  fine-tuning  method  to

enhance medical QA tasks under limited computational resources.
2. We empirically discover the superiority of KB-based over LLM-based methods, despite LLM’s

powerful  language generation capability  and vast  real-world knowledge,  demonstrating the
importance of domain-specific knowledge in medical QA domain.

3. Experimental results demonstrate that knowledge-enhanced methods improve the performance
of  small-scale  models  in  medical  QA tasks.  RAG-mQA achieves greater  improvements
compared to KB-based and LLM-based methods.

Related Work

Knowledge-Enhanced PLMs

Integrating factual knowledge into pre-trained models forms the basis of the knowledge-enhanced
paradigm. Methods such as ERNIE-THU [17] and KnowBERT [18] independently train static entity
embeddings sourced from KBs and PLMs. WKLM [19] enhances model training by replacing entity
names in the text with other entities of the same type. ERNIE-Baidu [6] employs phrase-level and
entity-level masking techniques to incorporate factual information. K-Adapter [20] combines factual
and linguistic knowledge through the use of neural adapters. Approaches like K-BERT [11] and
CoLAKE [21] build graphs that merge sentences with knowledge graphs (KGs), capturing semantic
knowledge via graph-based learning methods. KEPLER [22] and KLMo [7] use attentive fusion
modules  to  integrate  pre-trained  embeddings  from KBs into  PLMs.  Although  these  knowledge-
enhanced PLMs are effective, they require significant computational resources during pre-training.
Therefore,  for  downstream tasks such as medical  QA, knowledge-injected fine-tuning is  a  more
practical approach than knowledge-enhanced pre-training.

Knowledge-Injected Fine-Tuning

While knowledge-enhanced pre-training paradigms involve adjusting the entire set of model weights,
knowledge-injected fine-tuning focuses on optimizing specific model parameters to better suit the
nuances and requirements of downstream tasks. For instance, the researchers [10] fine-tune PLMs
using emotion vocabulary as a knowledge source, enhancing emotion recognition by improving the
embeddings of emotional words. Similarly, the paper [23] predicts KBs information based on input
text  to  improve  the  model’s  semantic  representation  for  dialogue  generation.  However,  these
knowledge-injected fine-tuning methods rely solely on a KB as an external knowledge source, which
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may limit the breadth of knowledge incorporated into the model.

Knowledge-Enhanced Medical QA

Knowledge-enhanced medical  QA aims  to  improve the  performance of  medical  QA systems by
incorporating  medical  knowledge  into  models.  [24]  explore  the  integration  of  disease-specific
knowledge with PLMs such as BERT, BioBERT [25] and ClinicalBERT [26] to enhance tasks like
consumer health QA, medical language inference, and disease name recognition. BioLORD [27] is
designed to generate meaningful representations for clinical sentences and biomedical concepts by
grounding these representations using definitions and descriptions from a multi-relational biomedical
KB,  resulting  in  more  semantically  and  ontologically  aligned  representations.  M-cERNIE  [9]
enriches PLMs by introducing medical concepts from a medical KB. Similar to knowledge-injected
fine-tuning, existing knowledge-enhanced medical QA methods typically rely on a single KB and
lack the incorporation of knowledge from multiple sources.

Retrieval-Augmented Generation

Retrieval-augmented generation methods commonly retrieve external databases based on the input
and then enable LLMs to generate text conditioning on the retrieved information. KnowledGPT [28]
integrates LLMs with various KBs to address issues like completeness, timeliness, faithfulness, and
adaptability  in  LLMs.  It  facilitates  both  the  retrieval  and  storage  of  knowledge  by  employing
program-of-thought prompting to generate search language for KBs in code format with pre-defined
functions, and allows users to store knowledge in personalized KBs. search module. REINA [29]
enhances NLP tasks by retrieving and concatenating the most similar labeled training instances with
the input text, reducing computational costs associated with large-scale external retrieval. Selfmem
[30] RAG by leveraging the model’s own outputs as an unbounded memory pool, thus overcoming
limitations of traditional fixed-corpus retrieval methods. RA-DIT [31] is a lightweight fine-tuning
methodology that  retrofits  any LLM with  retrieval  capabilities  without  requiring  expensive  pre-
training modifications or suboptimal post-hoc integration. UPRISE [32] is also a lightweight and
versatile retriever that automatically selects prompts for any zero-shot task input, eliminating the
need  for  model-specific  fine-tuning  or  task-specific  prompt  engineering.  Promptagator  [33]
leverages  LLMs to  generate  queries  based  on  a  few examples,  creating  task-specific  retrievers
without relying on large datasets. Self-RAG [34] allows the model to retrieve passages on-demand
and reflect on both the retrieved content and its own generated responses using special reflection
tokens. Existing RAG methods aim to enhance the performance of LLMs in various NLP tasks by
combining multiple data sources. However, employing LLMs consumes significant computational
resources, and their generative outputs can make the response content uncontrollable. Therefore, in
contrast to existing RAG research, this paper explores a RAG fine-tuning method that operates under
limited computational resources to improve the performance of small-scale models in medical QA
tasks.

Methods

In the knowledge-enhanced medical QA scenario, the key is to extract suitable knowledge that can
effectively boost model performance in answering questions. Generally, this scenario involves two
steps: knowledge construction and model fine-tuning. We propose a RAG fine-tuning method to
combine the knowledge of medical KBs and LLMs to enhance small-scale PLMs. Additionally, we
introduce two knowledge construction strategies:  KB-based and LLM-based strategies. The same
fine-tuning process is applied across all three construction strategies.

Given a paragraph S  and a question Q , our objective is to extract knowledge K  based on a KB B  and
an LLM L .
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RAG-Based Knowledge Construction

Medical KBs contain large-scale structured information that provides credible external knowledge to
support medical QA tasks. The Unified Medical Language System (UMLS) [35] encompasses over
four million medical concepts and their interrelations. We utilize UMLS as the medical KB  B  to
extract  relevant  concepts.  Additionally,  to  evaluate  the  performance  of  our  method  in  different
language contexts,  the  Chinese  Medical  Knowledge Graph (CMeKG)1 is  employed for  Chinese
medical QA tasks.

We utilize  SciSpaCy [36]  toolkit  to  extract  medical  concepts  from English  QA pair  S  and  Q .
Similarly, CMeKG provides a toolkit to extract medical concepts from Chinese QA pairs. As shown
in Figure 1, all concepts extracted from a QA pair are connected sequentially and converted into a
sentence.

Figure 1. An Example of RAG-Based Model Fine-Tuning. The underlined words in the question and
paragraph represent extracted medical concepts.

The  sentences  converted  from  the  KB  are  often  disordered  and  incomplete.  For  example,  the
sentence  in  Figure  1,  “Aspirin  non-steroid  anti-inflammatory  agent,”  is  incomplete.  In  contrast,
LLMs possess vast semantic knowledge and excel in generation tasks, demonstrating the ability to
produce high-quality natural language text. The LLaMa2 [37] series model is a widely used open-
source LLM. In this paper, we evaluate the 13B chat model. The medical concepts extracted from the
KB are provided to the LLM, which is  tasked with generating natural sentences based on these
concepts.  The  template  for  knowledge  generation  prompt  is  shown  in  Figure  2.  The  sentence
generated by the LLM L  is the knowledge K .

1 https://github.com/king-yyf/CMeKG_tools
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Figure 2. The Prompt Template of RAG-Based Knowledge Construction.

KB-Based and LLM-Based Knowledge Construction

For comparison, we introduce KB-based and LLM-based knowledge construction, respectively. The
medical concepts extracted from the KB, when connected sequentially, form a body of knowledge,
denoted as KB . In the LLM-based construction, model L  is tasked with generating related knowledge
KL  to facilitate answering the question. The prompt template is given in Figure 3.

Figure 3. The Prompt Template of LLM-Based Knowledge Construction.

Model Fine-Tuning

Constructed knowledge is inserted into input text to train models. We utilize the same fine-tuning
process  to  explore  the  knowledge  enhancement  effects  of  different  knowledge  construction
strategies.

We adopt the widely used generative PLM T5 [38], which converts all text-based language tasks into
a text-to-text format, as the base model. Medical QA is cast as feeding the model paragraphs and
questions as input text and training it to generate answers.  Each training data includes an input text I
and an answer A . The input text is concatenated as:

                                                        I=Concat (S ,Q , K )                                                            (1)
where  I  represent  RAG-enhanced  input  text,  Concat ( ∙, ∙ ,∙ )  denotes  sequence  concatenation,
I B

=Concat (S ,Q , KB
)  and I L

=Concat (S , Q , K L
)  represent KB-enhanced and LLM-enhanced input

text, respectively. 

The fine-tuning target is to minimize the difference between the generated sequence and the target
sequence.  Take  the  RAG-based  enhancing  method  as  an  example,  for  a  medical  dataset
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D={ ( I1 , A1 ) , ( I 2 , A2 ) ,…. ,( I d , Ad)}  which contains d  samples, the fine-tuning target is defined as:

                                               θ¿
=arg min

θ
∑
i=1

d

L ( A i , P( Ai|I i;θ))                                         (2)

where θ  represents the pre-trained model parameters, L  represents the cross-entropy loss, P ( A i|Ii ;θ )

denotes the conditional probability of generating the target sequence A i , and Ii  is replaced with Ii
B

and Ii
L  in the KB-based and LLM-based enhancement scenario, respectively.

Experiments

In this  section,  we provide specific  experimental settings including dataset  information,  baseline
methods, evaluation metrics, and implementation details.

Dataset

We evaluate our method on two datasets, emrQA and MedicalQA. The statistics of the above datasets
are shown in Table 1.

The emrQA [39] is a community-shared English clinical QA dataset. EMRs contain a record of a
patient’s  health  information  in  the  form of  unstructured  clinical  notes  (e.g.,  progress  notes  and
discharge summaries) as well as structured vocabularies. Medical QA tasks based on EMRs are to
answer questions posed by physicians against patient EMRs, and the answers are included in the
EMRs.

The MedicalQA2 is  a Chinese medical QA dataset where the questions  are  commonly asked by
patients, and the answers can be extracted from the given paragraph. Questions can be divided into
nine  categories:  internal  medicine,  surgery,  gynecology  and  obstetrics,  pediatrics,  dermatology,
venereal diseases, facial features, traditional Chinese medicine, and infectious diseases.

Table 1. Statistics of datasets.
Dataset Language # Train # Dev # Test
emrQA EN 133,589 21,666 19,401

MedicalQA ZH 15,600 1,951 1,951

Baseline and Evaluation Metrics

The T5 model has been released with pre-trained weights as T5-small, T5-base, and T5-large. We
employ T5-small  as the PLM to explore the knowledge enhancement effects.  The results on the
emrQA dataset for BERT [40] and its knowledge-enhanced variant M-cERNIE, which incorporates
knowledge during the pre-training stage, are reported for comparison. We adopt the T5-small model
as the baseline for both datasets. Our RAG-based enhancement method is named as RAG-mQA. The
KB-based  and  LLM-based  enhancement  methods  for  the  T5  are  named  B-mQA and  L-mQA,
respectively.

The details are provided as follows:
BERT: BERT-base model.
M-cERNIE: Entity-enriched BERT-base model.
T5: T5-small model.
B-mQA: KB-enhanced T5-small model.
L-mQA: LLM-enhanced T5-small model.

2 https://www.scidb.cn/en/detail?dataSetId=c866b22e95b64928bfa151eecb6cdfbe
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RAG-mQA: RAG-enhanced T5-small model.

For emrQA dataset, we utilize exact match (EM) and F1 for evaluation. For MedicalQA dataset, only
the F1 is used for evaluation since the answers span multiple sentences.

Ablation

To further explore the impact of knowledge enhancement, we apply knowledge insertion into the
LLM to compare the differences in knowledge effects between the small-scale PLM and the LLM.

 
Figure 4. The Prompt Template of QA Task. The underlined sentence represents the inserted

knowledge in knowledge enhancement scenarios.

We employ the LLaMa2-13B-chat model to answer questions, referred to as the LLM-only approach.
Paragraphs and questions  are  input  into  the model  to  generate  answers.  In  knowledge-enhanced
scenarios, constructed knowledge is inserted into the paragraph to assist in answering questions. The
QA prompt template is shown in Figure 4, where sentences with underlines represent the inserted
knowledge. Three knowledge construction strategies are utilized and named as RAG-LLM, B-LLM,
and L-LLM, respectively. The details are provided as follows:
LLM-only: LLaMa2-13B-chat model.
B-LLM: KB-enhanced LLaMa2-13B-chat model.
L-LLM: LLM-enhanced LLaMa2-13B-chat model.
RAG-LLM: RAG-enhanced LLaMa2-13B-chat model.

Implementation Details

The temperature, top k, and top p of LLaMa2 are set as 0.5, 5, and 0.5, respectively. The optimizer of
fine-tuning is ADMA, and the learning rate is 5 ×10−5 . F1 score is utilized as the primary metric for
early stopping, and patience is set to 3.

Results

The results on the emrQA and MedicalQA datasets are shown in Table 2 and 3, respectively. RAG-
mQA achieves the best results on both datasets. As shown in Table 2, the F1 score of RAG-mQA
surpasses that of T5 and BERT by 6.37% and 18.12%, respectively. Moreover,  the EM score of
RAG-mQA exceeds that of T5 and BERT by 9.35% and 23.61%, respectively. The F1 scores of B-
mQA, L-mQA, and M-cERNIE also exceeds that of T5 and BERT. Similarly, the results in Table 3
show that the F1 scores of the knowledge-enhanced methods—RAG-mQA, B-mQA, and L-mQA—
are higher than that of T5 by 14.83%, 10.18%, and 7.82%, respectively, further supporting the notion

https://preprints.jmir.org/preprint/68320 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Li et al

that knowledge insertion can effectively improve the performance of medical QA models. The EM
score  of  L-mQA is  lower  than  that  of  T5.  This  suggests  that  although  LLM-based  knowledge
construction can provide richer information, leading to an improvement in the F1 score, excessive
irrelevant information introduces noise, resulting in a decrease in the EM score.

Table 2. Results on the emrQA.
Model F1 EM
BERT 72.13 65.81

M-cERNIE 87.61 77.91
T5 83.88 80.07

B-mQA 89.66 86.46
L-mQA 87.89 78.24

RAG-mQA 90.25 89.42
LLM-only 58.38 37.15

B-LLM 60.09 38.43
L-LLM 60.63 38.29

RAG-LLM 60.88 38.33

Table 3. Results on the MedicalQA.
Model F1

T5 27.51
B-mQA 37.69
L-mQA 35.33

RAG-mQA 42.34
LLM-only 18.02

B-LLM 18.46
L-LLM 18.89

RAG-LLM 19.11

We insert knowledge during the fine-tuning stage, whereas M-cERNIE incorporates medical entities
during the pre-training stage. As shown in Table 2, the F1 and EM scores of RAG-mQA exceed those
of M-cERNIE by 2.64% and 11.51%, respectively. Additionally, the F1 and EM scores of B-mQA
surpass those of M-cERNIE by 2.05% and 8.55%, while the scores of L-mQA exceed those of M-
cERNIE by 0.28% and 0.33%. This demonstrates that our knowledge-enhanced methods can achieve
model improvements with minimal computational resources.

RAG-mQA outperforms both B-mQA and L-mQA on both datasets. As shown in Table 2, the F1
score of RAG-mQA is higher than that of B-mQA and L-mQA by 0.59% and 2.36%, respectively.
The  EM  score  of  RAG-mQA exceeds  that  of  B-mQA and  L-mQA by  2.96%  and  11.18%,
respectively. In Table 3, the F1 score of RAG-mQA also surpasses that of B-mQA and L-mQA by
4.65%  and  7.01%.  This  suggests  that  the  RAG-based  knowledge  insertion  method  constructs
accurate  and complete  knowledge which  can  more  effectively enhance  model  performance.  The
results of L-mQA are lower than those of B-mQA on both datasets. This indicates that in knowledge-
inserted fine-tuning, concise domain-specific knowledge is more meaningful than abundant semantic
knowledge.

In ablation experiments, the results of the LLM are significantly lower than those of the fine-tuned
small-scale models. On the emrQA dataset, the F1 and EM scores of RAG-LLM are lower than those
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of RAG-mQA by 29.37% and 51.09%, respectively.  On the MedicalQA dataset,  the F1 score of
RAG-LLM is lower than that of RAG-mQA by 23.23%. LLMs demonstrate strong performance in
generative tasks through ICL,  but their  responses  often contain content  unrelated to the answer,
which  in  turn  affects  their  performance  in  tasks  with  high  accuracy  requirements,  such  as  the
extractive QA tasks evaluated in this paper. The performance of RAG-LLM is the best among the
four knowledge-enhanced LLM methods. The results of all these methods are higher than those of
the LLM-only approach, but the improvements are limited. These findings indicate that the RAG-
based  knowledge  construction  method  can  also  enhance  LLMs;  however,  the  accuracy  and
completeness of the inserted knowledge have a much less significant impact on the ICL of LLMs
compared to the effect on the fine-tuning of small-scale models.

Discussion

We present three examples from the emrQA and MedicalQA datasets in Table 4 and 5, respectively.
Overall, the knowledge constructed by RAG is clear and straightforward while also containing rich
information. In contrast, the knowledge constructed by the KB is concise but often has ambiguous
and  fragmentary  semantics.  The  knowledge  generated  by  the  LLM  typically  consists  of  rich
information; however, much of it is irrelevant to the QA topic.

Table 4. Examples from the emrQA.
I
D

Question Paragraph Ground
Truth

Knowledge

1 What  is  has
been given for
treatment  of
her  severe
frontal
headaches
with
scintillations?

... no relief with
Tylenol, Aspirin
or  Fioricet.  She
also stated ...

Aspirin RAG-
mQA

The patient was treated for severe
frontal scintillations with Tylenol,
aspirin, and Fioricet.

B-mQA Treatment  severe  frontal
scintillations  Tylenol  Aspirin
Fioricet.

L-mQA Severe  frontal  headaches  with
scintillations can be a symptom of
a variety of conditions, including
migraines,  sinusitis,  and  cluster
headaches.

2 Why does the
patient  take
Lasix?

...  the  patient’s
pulmonary
edema  was
treated  with
Lasix ...

Pulmonary
edema

RAG-
mQA

The  patient’s  pulmonary  edema
was  managed  with  treatment
using Lasix.

B-mQA Patient’s  pulmonary  edema
treated with Lasix.

L-mQA Lasix  (furosemide)  is  a
medication  commonly  used  to
treat  fluid retention (edema) and
high blood pressure.

3 What  is  the
patient’s
current dosage
does  the
patient take of
her blood?

...  afebrile
throughout  her
hospital  course
and  required
one unit of ...

One unit RAG-
mQA

The  patient’s  blood  tests  were
stable  throughout  their  hospital
course,  and  they  remained
afebrile during treatment.

B-mQA Patient’s  dose  patient  blood
afebrile hospital course.

L-mQA The  patient’s  current  dose  of
blood is  one  unit  of  packed  red
blood cells (PRBCs).

As shown in Example 1 in Table 4, the knowledge from RAG clearly states, “the patient was treated
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with aspirin,” while the knowledge from the KB is unclear. The knowledge constructed by RAG and
the KB directly provides the information "treatment aspirin" to answer the question, whereas the
knowledge  constructed  by  the  LLM deviates  from the  key  point  of  the  question.  Although  the
sentence generated by the LLM contains rich knowledge in Example 2, the correlation between this
knowledge and the question is weak. In comparison, the knowledge provided by RAG and the KB is
more concise and intuitive. In Example 3, the key aspect of the question revolves around the dosage.
The KB fails to provide additional information; since RAG is generated based on the KB, it similarly
cannot provide relevant details, while the LLM accurately delivers the critical answer.

Table 5. Examples from the MedicalQA.
I
D

Question Paragraph Ground
Truth

Knowledge

1 低血脂的症状和危害?

What  are  the
symptoms and
dangers  of
low  blood
lipids?

血脂含量低容易引起头晕、头
痛的症状，危害是引起一系列
并发症，例如腹腔感染，月经
不调。血脂含量过低也会导致
肝 脏 功 能 降 低 … …
Low blood lipid
levels  can
easily  cause
symptoms  such
as dizziness and
headaches.  The
dangers include
triggering  a
series  of
complications,
such  as
abdominal
infections  and
menstrual
irregularities.
Extremely  low
blood  lipid
levels  can  also
lead to reduced
liver function...

血脂含量低容易引起头晕、
头痛的症状，危害是引起一
系列并发症，例如腹腔感
染 ， 月 经 不 调 。
Low  blood
lipid levels can
easily  cause
symptoms
such  as
dizziness  and
headaches. The
dangers
include
triggering  a
series  of
complications,
such  as
abdominal
infections  and
menstrual
irregularities.

RAG-mQA 低血脂容易引起头晕、头痛、感染和月经不规律的症状，
而内分泌失调可能表现为情绪不稳定。
Low  blood  lipid  levels  can
easily  cause  symptoms  such
as  dizziness,  headaches,
infections,  and  menstrual
irregularities, while endocrine
disorders  may  present  with
emotional instability.

B-mQA 低血脂临床表现头晕,低血脂临床表现头痛,低血脂临床表
现感染,低血脂临床表现月经不调,内分泌失调临床表现情
绪不稳。
Low  blood  lipids  clinically
manifest  as  dizziness,  low
blood  lipids  clinically
manifest  as  headaches,  low
blood  lipids  clinically
manifest  as  infections,  low
blood  lipids  clinically
manifest  as  menstrual
irregularities,  and  endocrine
disorders  clinically  manifest
as emotional instability.

L-mQA 低血脂症状和危害包括头晕、头痛、腹腔感染、月经不
调、肝脏功能降低、腹水、腹水导致的皮肤肿胀、腹腔感
染、生命危险、内分泌失调、情绪不稳定、更年期提前
等。
The symptoms and dangers of
low  blood  lipids  include
dizziness,  headaches,
abdominal  infections,
menstrual  irregularities,
reduced  liver  function,
ascites,  skin swelling caused
by  ascites,  abdominal
infections,  life-threatening
conditions,  endocrine
disorders,  emotional
instability,  and  early
menopause.

2 高钾血症对心肌的影响?

What  is  the
impact  of
hyperkalemia
on  the

可能会引起心衰症状。高钾血
症对于心肌细胞的影响是先兴
奋后抑制。高钾血症的早期对
心脏是起到兴奋作用的，心肌
的敏感性增强，各种快速心律
失 常 也 会 增 加 … …

可能会 引 起 心 衰 症 状 。
It  may  cause
symptoms  of
heart failure.

RAG-mQA 高钾血症的临床表现包括兴奋和心律失常。
The clinical manifestations of
hyperkalemia  include
excitement and arrhythmias.

B-mQA 高钾血症临床表现兴奋,高钾血症临床表现心律失常。
Hyperkalemia  clinically
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myocardium? It  may  cause
symptoms  of
heart  failure.
The  effect  of
hyperkalemia
on  myocardial
cells is  initially
excitatory,
followed  by
inhibition.  In
the early stages,
hyperkalemia
has  an
excitatory
effect  on  the
heart,
increasing
myocardial
sensitivity,  and
various types of
rapid
arrhythmias
may  also
occur...

manifests as excitability,  and
hyperkalemia  clinically
manifests as arrhythmias.

L-mQA 高钾血症对心肌的影响是先兴奋后抑制。高钾血症的早期
对心脏是起到兴奋作用的，心肌的敏感性增强，各种快速
心律失常也会增加。
The  effect  of  hyperkalemia
on the myocardium is initially
excitatory,  followed  by
inhibition. In the early stages,
hyperkalemia  excites  the
heart,  increasing  the
sensitivity  of  myocardial
cells, which leads to a rise in
various rapid arrhythmias.

3 查 血 hcg 多 少 钱 ?

How  much
does  a  blood
HCG  test
cost?

血HCG 检测费用一般情况
下 在 80 元 -100 元 左
右。hcg 就是我们所说的绒
毛膜促性腺激素，是目前最准
确的查早孕的方法……
The  cost  of  a
blood HCG test
generally
ranges  from
about 80 to 100
yuan.  HCG,  or
human
chorionic
gonadotropin,
is  currently  the
most  accurate
method  for
early pregnancy
testing...

血 HCG 检测费用一般情
况下在 80 元-100 元左
右 。
The  cost  of  a
blood  HCG
test  generally
ranges  from
about  80  to
100 yuan.

RAG-mQA (Empty)

B-mQA (Empty)

L-mQA HCG 检测是目前最准确的查早孕的方法之一，它可以
通过尿液或血液进行检测。尿液检测比较便宜，大约在
20 元左右，但是它的检测有一定不准确性。而血液检测
相对来说会贵一些，大约在 80 到 100 元左右，根据
医院选择的试剂不同，价格可能略微有些差别。
The  HCG test  is  one  of  the
most  accurate  methods  for
early pregnancy detection and
can be conducted using either
urine or blood. Urine testing
is  relatively  inexpensive,
costing about 20 yuan, but it
has  a  certain  degree  of
inaccuracy. Blood testing, on
the  other  hand,  is  more
expensive,  ranging  from
about  80  to  100  yuan,  with
slight  price  variations
depending  on  the  reagents
used by different hospitals.

Examples from the MedicalQA dataset are shown in Table 5. The knowledge constructed by RAG,
KB, and LLM is generally semantically similar in Example 1. The knowledge provided by RAG
directly answers the question, while the knowledge from the KB contains a significant amount of
repetitive expressions, such as “low blood lipids clinically manifest as …”. The statement generated
by the LLM is more natural than that of the KB but contains excessive information. In Example 2, all
the knowledge deviates from the key points of the answer. The question in Example 3 pertains to
pricing. It is evident that neither the KB nor RAG can provide the relevant information, whereas the
LLM extracts the key points of the answer but includes a significant amount of unnecessary details.

In summary, RAG provides clear and concise knowledge. The knowledge constructed by the KB is
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succinct but may sometimes lack semantic clarity. The LLM, on the other hand, generates statements
with clear semantics and rich information; however, the abundance of information can occasionally
introduce knowledge noise (KN), which may affect the model’s predictions. Notably, for questions
related to numerical values, the LLM is able to extract key information, whereas the KB fails to
provide relevant details.

Limitations

This work proposed a knowledge-enhanced medical QA method based on the KB and LLM. We
evaluated our RAG fine-tuning method, RAG-mQA, and compared the effectiveness of different
knowledge enhancement methods. However, there are still limitations to this work. Although RAG
can generate semantically clear knowledge, the extraneous information it produces can lead to KN,
which  affects  the  model’s  predictions.  Additionally,  we  only  explored  these  simple  knowledge
insertion methods during the fine-tuning stage and have not  yet  considered knowledge insertion
during the pre-training phase or modifications to the model architecture to accommodate knowledge
insertion.

Conclusions

In this paper, we propose a RAG fine-tuning method and compare different knowledge-enhanced
methods on medical  QA tasks.  We employ a medical  KB and an LLM to extract  concepts  and
generate  knowledge.  Experimental  results  demonstrate  that  the  RAG  fine-tuning  method
significantly improves the model performance, and achieves greater enhancements than both KB-
based and LLM-based enhancement methods. LLMs perform well in generative tasks, but redundant
information can introduce noise, resulting in performance that is inferior to that of KBs in knowledge
enhancement.

In the future,  we will  explore conversion methods to  transform KBs into natural  sentences  and
selection methods to identify relevant knowledge from the rich information generated by LLMs.
Furthermore, we will investigate modifications to the model architecture to accommodate knowledge
insertion.
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