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 A B S T R A C T

Background: Implementing pharmacogenomics (PGx) in the healthcare system faces several challenges. These 
include limited education among healthcare professionals and restricted patient awareness of the benefits 
of genetic testing. Generative AI offers a promising solution by generating tailored content. It also provides 
interactive clinical decision support to help bridge the knowledge gap.
Methods: This study introduces a Hierarchical Retrieval-Augmented Generation (HRAG) framework for anti-
cancer drugs (5-fluorouracil, capecitabine, and tamoxifen) to reflect the relationships between PGx documents. 
HRAG organizes the PGx guidelines into hierarchical tree structures, treating each guideline at the same level. 
Documents were chunked into passages, which were represented as leaf nodes. We evaluated the model using 
PGxQA dataset, based on RAGAS scores and human evaluation.
Results: HRAG and RAG models showed lower performance in PGxQA categories requiring precise nu-
merical or entity matching, such as allele definition. They performed better in categories focused on 
textual reasoning, such as phenotype-to-guideline tasks. In contrast, HRAG significantly outperformed RAG in 
guideline-related tasks, demonstrating higher context precision, context recall, and accuracy (F1). Specifically, 
in the phenotype-to-guideline category, HRAG achieved an F1 score of 0.89, while RAG scored 0.80 (p-value 
= 9 × 10−4).
Conclusions: These findings suggest that the HRAG framework could contribute to the development of a PGx 
AI assistant. It may help narrow the knowledge gap and facilitate the broader adoption of PGx.
1. Introduction

Pharmacogenomics (PGx) is part of precision medicine, which ex-
amines how genetic factors affect the way individuals response to 
medications [1]. This field aims to enhance treatment efficacy and 
reduce adverse drug reactions (ADR). As ADR imposed a significant 
burden on public health [2,3], the importance of personalized medicine 
and PGx has been increasingly recognized.

Clinical Pharmacogenetics Implementation Consortium (CPIC) [4] 
was established by the National Institute of Health’s Pharmacoge-
nomics Research Network [5] and the Pharmacogenomics Knowledge 
Base (PharmGKB) [6]. It provides peer-reviewed and freely accessible 
evidence-based guidelines to facilitate the adoption of PGx in clini-
cal practice. Similarly, the Dutch Pharmacogenetics Working Group 
(DPWG) [7,8], founded by the Royal Dutch Pharmacists Association 
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(KNMP) in 2005, issues PGx recommendations to improve drug safety 
and efficacy. However, the integration of genetic and clinical knowl-
edge in PGx presents challenges for healthcare professionals to apply 
these guidelines in practice.

Artificial intelligence (AI) has recently emerged as a promising tool 
in medicine. Generative AI, in particular, has been applied to medical 
education and clinical decision support [9,10]. In education, models are 
increasingly used for self-directed learning, simulation-based training, 
and writing assistance, though concerns remain regarding hallucina-
tions and factual accuracy [11]. Smart healthcare, proposed by Tian 
et al. [12], emphasizes the dynamic and intelligent flow of medical 
information to assist decision-making. For example, NLP-based system 
such as GatorTron was trained to interpret and analyze electronic 
health records to support diagnostic reasoning [13]. These advances 
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demonstrate the potential of AI to improve the flow of information in 
multidisciplinary fields such as PGx.

Despite continuous efforts from initiatives like CPIC and DPWG, 
the adoption of PGx in clinical practice has been delayed. Barriers 
include insufficient education for healthcare professionals and the 
complexity of interpreting genomics data [14,15]. Recent efforts such 
as PGx4Statins [16] explored the use of retrieval-augmented genera-
tion (RAG) and prompt engineering to support PGx-informed decision 
making. However, it relies on retrieving semantically related chunks 
from documents, without reflecting the relationships between different 
guidelines. This can lead to imbalanced information when relevant 
chunks come from a single guideline, especially if there are conflicts 
between two guidelines. These limitations underscore a critical gap in 
the ability to provide recommendations based on the full spectrum of 
PGx guidelines.

These limitations motivate the present study, which aims to address 
the adoption of PGx into clinical practice. Our objective is to develop 
an PGx assistant that can provide real-time decision and educational 
support. This research aims to make the PGx guidelines more accessi-
ble, actionable, and efficient for clinicians, contributing to the broader 
adoption of personalized medicine.

In this study, we introduced a Hierarchical Retrieval-Augmented 
Generation (HRAG) framework designed to capture semantic struc-
tures and enhance information retrieval. This is a novel approach 
that reflect the structure and relationships among PGx documents. 
Contributions of this work are as follows: First, we used a structured 
evaluation approach for assessing the effectiveness of large language 
models (LLMs) in PGx application [17]. Second, we systematically 
evaluated the AI’s performance, revealing variations across different 
query types. Additionally, this research contributes to the application 
of AI in medical education and clinical decision support. Finally, we 
demonstrate the benefits of using hierarchical document structures in 
supporting interpretation and application of PGx guidelines.

2. Method

2.1. Data source

The datasets were obtained from CPIC and DPWG, two widely 
recognized and rigorously curated PGx knowledge bases. Free-text con-
textual sources included CPIC guidelines [18,19] and supplements, as 
well as DPWG recommendations [20]. To integrate tabular information 
from the guidelines into the RAG framework, we converted tables 
into descriptive free-text formats compatible with unstructured data. 
Additionally, structured datasets such as the CPIC diplotype–phenotype 
translation tables, allele definition tables, functionality tables, and 
population-specific frequency tables [21,22], were transformed into 
descriptive text to capture detailed PGx nuances. To investigate the 
performance of HRAG in the context of PGx4Statins, we evaluated its 
responses using statin PGx documents from the PGx4Statins dataset. 
Whereas anticancer drugs have PGx guidelines for a single gene, statin 
guidelines involve three genes: SLCO1B1, ABCG2, and CYP2C9. The 
dataset consisted of CPIC, DPWG guidelines, RNPGX, FDA labels, and 
diplotype-to-phenotype mapping CSV files. These detailed datasets are 
available on GitHub [23].

To evaluate model performance, we used the PGxQA [24,25] dataset
PGxQA is a publicly available PGx queries with reference answers 
developed to address the lack of evaluation resources in PGx chatbot. 
Unlike previous study, which could only be tested on a limited number 
of questions for a single drug, PGxQA enables a large-scale evaluation. 
The questions were constructed based on CPIC Level A guidelines 
that are considered to have strong clinical significance. They cover 10 
categories, including translating genotypes into phenotypes, identifying 
relevant dbSNP variants, and deriving clinical recommendations. The 
question set was created through both automated methods, using the 
2 
psycopg2 package to query CPIC’s PostgreSQL database, and manual 
curation by experts.

In this study, we used categories from the PGxQA dataset, includ-
ing Allele definition, Allele frequency, Allele function, Diplotype to 
phenotype, Phenotype to guideline, Drugs to genes, Genes to drugs, 
and Phenotype to category (Supplementary Table A.1). We filtered the 
PGxQA dataset to include questions related to the genes CYP2D6 and 
DPYD, and the drugs fluorouracil, capecitabine, and tamoxifen, result-
ing in a total of 170 questions. We also assessed questions related to 
the genes SLCO1B1, ABCG2, and CYP2C9, and the drugs atorvastatin, 
fluvastatin, lovastatin, pitavastatin, pravastatin, rosuvastatin, and sim-
vastatin, yielding 259 questions. We excluded questions categorized as 
Adversarial (refusal) because our primary objective was not to evaluate 
the model’s ability to detect contradictory queries. Additionally, we 
excluded questions categorized as External, as they did not contain 
queries related to our target drugs, and were therefore outside the 
scope of our current evaluation. Accordingly, our evaluation focused on 
verifying the retrieval accuracy and reliability of the HRAG and RAG 
model.

2.2. Hierarchical RAG

We developed the HRAG framework, which leverages a hierarchi-
cally organized structure of documents represented as trees (Fig.  1). To 
construct document trees for retrieval, we used the llama-index Python 
package [26].

We constructed the CPIC and DPWG trees independently at the same 
hierarchical level because each guideline was developed by an inde-
pendent consortium. This design prevents bias toward one guideline. 
During preprocessing, the CPIC and DPWG files were manually labeled 
according to the consortium names in their filenames (e.g., CPIC or 
DPWG). The labeled files were then grouped accordingly, and each 
group was constructed into a tree structure. Documents were chunked 
into passages with a chunk size of 1000, consistent with prior work 
(PGx4Statin). Each passage was then assigned to the leaf nodes of its 
respective tree. Higher-level nodes were then created by summarizing 
the content of the leaf nodes.

Each tree has its own root node, and no parent–child relationship 
exists between them. During retrieval, HRAG searches both trees in 
parallel and integrates the results. Within each tree, the model recur-
sively identifies the most semantically similar child node, ultimately 
retrieving the leaf node as the final outcome. We utilized the GPT-4o 
model with zero temperature to generate responses to user queries. 
The passages were embedded by OpenAI’s text-embedding-ada-002 
model [27].

2.3. Prompt engineering

To enable a fair and unbiased comparison between HRAG and 
RAG, we minimized the prompt for evaluation (Fig.  2a). The prompt 
contained only essential instructions: to answer a given question us-
ing the provided context and to explicitly state ‘‘UNKNOWN’’ if the 
answer could not be inferred from the given content. This design was 
intended to reduce hallucinated responses and enforce strict adherence 
to evidence-based reasoning.

In addition, to compare the responses of HRAG and RAG in prac-
tical clinical scenario, we designed another prompt (Fig.  2b). It was 
designed to reflect situations in which healthcare professionals uti-
lize PGx information in decision-making. The prompt included a role 
description (AI trained for PGx support), clear objectives (e.g., assist 
clinical decision making with accurate and concise information) and 
constraints (e.g., do not infer beyond the given context, distinguish 
between CPIC and DPWG when applicable). It was also instructed to 
acknowledge uncertainty when information was insufficient to make a 
decision, using phrases such as ‘‘Insufficient information to provide a 
specific response’’. In cases where CPIC and DPWG guidelines provided 
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Fig. 1. Flowchart of Hierarchical Retrieval-Augmented Generation (HRAG) Framework for a Pharmacogenomics (PGx) AI Assistant.
conflicting recommendations, the prompt was engineered to provide 
the LLM with both sets of guideline information. This reflected real-
world clinical practice where final decisions are made by a qualified 
clinician. We compared their responses to a sample question: ‘‘A patient 
with a CYP2D6 *4/4 is being prescribed tamoxifen for breast cancer 
treatment. What is the recommended course of action for tamoxifen 
dosage or alternative therapy?’’

2.4. Evaluation

To compare HRAG with RAG (PGx4Statins), we calculated the dif-
ferences in evaluation scores for each PGxQA query. Wilcoxon signed-
rank test was conducted to examine whether the distribution of dif-
ferences was symmetrically centered around zero. Statistical analyses 
were performed using the SciPy (version 1.15.2) [28]. The test yielded 
the Wilcoxon statistic and the corresponding p-values. In addition, 
Cohen’s d was calculated to quantify the effect size and the practical 
magnitude of the observed differences. However, in some cases, p-
values or Cohen’s d could not be computed because the Wilcoxon 
statistic was not available under those conditions. The Wilcoxon signed-
rank test requires at least two valid pairs, and when this requirement 
was not met, the test statistic could not be calculated (Supplementary 
Table A.3).
3 
2.4.1. Automated evaluation metrics
For evaluation, we used an RAG-specific evaluation framework, 

RAGAS [29]. RAGAS allows us to assess not only the generated re-
sponses but also the retrieved contexts. We used following evaluation 
metrics: context precision, context recall, context entity recall, noise 
sensitivity, response relevancy, and faithfulness(Table  1). The metrics 
are computed by prompting an LLM, and the detailed prompts used for 
these evaluations can be found in the original RAGAS publication.

For example, given a query ‘I want to give my patient tamoxifen. What 
genes should I include in a pharmacogenetics panel?’, HRAG generated re-
sponse CYP2D6. The ground-truth reference answer was also CYP2D6. 
According to the equations summarized in Table  1, the RAGAS scores 
were computed as follows: Context Precision = 1, Context Recall = 1, 
Context Entity Recall = 1, Noise Sensitivity = 0, Answer Relevancy = 
0.75, and Faithfulness = 1.

Furthermore, we used F1 and BERTScore, which are widely used 
metrics for natural language processing (NLP) tasks, to further quantify 
the precision and recall of the generated responses. The F1 score was 
used to assess the responses of multiple choice questions. BERTScore
[30], which can measure semantic similarity between generated re-
sponses and references, was used to evaluate short-answer questions.
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Fig. 2. Two distinct prompts were used for different purposes: (a) A prompt for performance evaluation between HRAG and RAG, and (b) A prompt for practical 
usage. Prompt (a) was designed in a minimalistic manner to directly compare the inherent performance of the two methods, whereas prompt (b) was constructed 
with domain-specific instructions to simulate practical usage scenarios.
Table 1
Evaluation with RAGAS framework.
 Score Measurement Equation  

 Context Precision Measures a proportion of retrieved contexts that are 
relevant to the reference.

𝐶𝑜𝑛𝑡𝑒𝑥𝑡 𝑃 𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛@𝐾 =
∑𝐾

𝑘=1 (Precision@𝑘×𝑣𝑘 )
Total number of relevant items in top 𝐾

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛@𝑘 = true positives@𝑘
true positives@𝑘+false positives@𝑘

 

 Context Recall Measures a extent to which all relevant information was 
successfully retrieved.

𝐶𝑜𝑛𝑡𝑒𝑥𝑡 𝑅𝑒𝑐𝑎𝑙𝑙 = Number of claims in the reference supported by the retrieved context
Total number of claims in the reference  

 Context Entity Recall Evaluates whether key entities found in the reference are 
also present in the retrieved context.

𝐶𝑜𝑛𝑡𝑒𝑥𝑡 𝐸𝑛𝑡𝑖𝑡𝑦 𝑅𝑒𝑐𝑎𝑙𝑙 = Number of common entities between RCE and RE
Total number of entities in RE  

 Noise Sensitivity Assesses the model’s tendency to produce incorrect 
answers when exposed to either relevant or irrelevant 
retrieved content.

𝑁𝑜𝑖𝑠𝑒 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 = Total number of incorrect claims in response
Total number of claims in the response  

 Response Relevancy Determines how closely the generated response 
corresponds to the user query.

𝐴𝑛𝑠𝑤𝑒𝑟 𝑅𝑒𝑙𝑒𝑣𝑎𝑛𝑐𝑦 = 1
𝑁

∑𝑁
𝑖=1 cosine similarity(𝐸𝑔𝑖 , 𝐸𝑜)  

 Faithfulness Assesses whether the model’s response stays true to the 
retrieved evidence.

𝐹𝑎𝑖𝑡ℎ𝑓𝑢𝑙𝑛𝑒𝑠𝑠 = Number of claims in the response supported by the retrieved context Total number of claims in the response  

Note: Item = retrieved text chunks, Claim = verifiable factual statement, Entity = named entities extracted from text, 𝑅𝐶𝐸 = The set of entities in the retrieved contexts, 𝑅𝐸
= The set of entities in the reference, 𝐸𝑔𝑖  = Embedding of the 𝑖th generated question, 𝐸𝑜 = Embedding of the user input, 𝑁 = Number of generated questions based on the 
response(default = 3).
 

2.4.2. Human evaluation
Human evaluation was conducted by two PGx experts (Y.J., M.S.Y.), 

both with research experience in PGx. A total of 170 question–context–
answer triplets were evaluated based on six criteria: Accuracy, Rel-
evancy, Completeness, Hallucination mitigation, RAG accuracy, and 
RAG relevancy. Each of the six criteria was scored using a four-point 
Likert scale (1–4), where 4 indicated ‘strongly agree’, 3 ‘agree’, 2 ‘dis-
agree’, and 1 ’strongly disagree’. This approach eliminates the neutral 
midpoint (e.g., ‘‘3’’ in a five-point scale), thereby preventing ambiguous 
or neutral responses and ensuring a binary evaluation [31]. The final 
score for each response was computed as the average of both experts’ 
ratings. Among the six criteria, Accuracy, Relevancy, Completeness, 
and Hallucination Mitigation were used to evaluate the final gener-
ated responses. In contrast, RAG Accuracy and RAG Relevancy were 
designed to assess the retrieval performance of each method.

• Accuracy: Measures how well the generated responses aligned 
with the reference, ensuring clinical reliability.
4 
• Relevancy: Evaluates the appropriateness and directness of the 
response in addressing the given question.

• Completeness: Whether all essential components were included 
in the response.

• Hallucination mitigation: Whether the model avoided generat-
ing fabricated, misleading information.

• RAG accuracy: Measured how closely the retrieved context
matched the reference.

• RAG relevancy: Whether the retrieved context was appropriately 
aligned with the input query and presented in a suitable format.

2.5. Performance in statins

To ensure comparability, we evaluated HRAG and RAG (PGx4Statin)
using the Statin guidelines employed in the previous PGx4Statin study 
(Supplementary Figure A.1). The evaluation procedure was the same 
as that used for the anticancer drugs. In addition, to examine the 
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impact of prompt design, we generated responses using both the prompt 
(a) in Fig.  2 and PGx4Statin prompt, and compared the results. This 
setup resulted in four distinct RAG-prompt combinations: prompt(a) 
with the RAG, prompt(a) with the HRAG, PGx4Statin prompt with the 
RAG, PGx4Statin prompt with HRAG. To ensure consistency and reduce 
variability in response generation, we used GPT-4o as the language 
model with a temperature setting of 0. By evaluating both RAG and 
HRAG across all prompt conditions, we were able to disentangle the 
influence of prompt design and attribute the remaining performance 
differences to the retrieval method itself.

The inclusion of prompt comparisons led to a fourfold increase 
in the number of evaluation items. To efficiently manage the human 
evaluation process while maintaining consistency and objectivity, we 
adopted stratified sampling. To ensure unbiased assessment, each of the 
four subsets was anonymized before evaluation. From each anonymized 
subset, we randomly extracted 10% of the questions to form validation 
sets. Excluding the validation set, the remaining questions were divided 
using category-based stratified sampling. Two experts independently 
evaluated the responses, and to verify consistency between evaluators, 
we calculated the inter-rater agreement using Cohen’s kappa coeffi-
cient. The agreement rate confirmed reliable consistency between the 
two evaluators. After individual assessments, we combined the results 
from both experts to create a unified evaluation dataset.

3. Results

3.1. Structure of tree index

Since genetic information is exclusively available in CPIC, the CPIC 
tree was constructed with two subtrees: a genetic tree and a guideline 
tree. The genetic tree contains documents related to allele definition, 
allele function, allele frequency, and diplotype-to-phenotype provided 
by CPIC. In contrast, the guideline tree includes the official CPIC 
clinical guideline PDFs. Specifically, the guideline tree consists of two 
root nodes and reaches a maximum depth of three, whereas the genetic 
tree has three root nodes with a maximum depth of four (depth is 
defined as the length of the longest path from the root to a leaf node). 
As a result, the HRAG framework searches the most relevant passage 
from both the guideline and genetic information subtrees.

On the other hand, the DPWG tree includes only the guideline-
related hierarchy, as the DPWG database does not provide structured 
genetic information. It is organized under five root nodes: three corre-
sponding to fluorouracil and capecitabine, and two to tamoxifen. Each 
root node reaches a maximum depth of two, with varying numbers of 
child nodes. These structural characteristics, including the number of 
roots and the maximum depth, were determined by the default settings 
of the llama-index according to the volume and organization of the 
source documents.

3.2. Qualitative evaluation of responses from HRAG and RAG

We compared the RAG and HRAG approaches in practical usage by 
testing with a sample question (Fig.  3). Both methods could recommend 
alternative medications for managing the risk of adverse effects asso-
ciated with tamoxifen prescriptions; however, HRAG more accurately 
reflected the guideline recommendations by not only suggesting alter-
native drugs but also providing detailed dosage adjustment information 
when alternatives are unsuitable. This represents a key advantage of 
HRAG over RAG. Furthermore, while both models generated summaries 
based on CPIC guidelines and DPWG recommendations, HRAG clearly 
separated and presented the content of individual documents, thereby 
improving the overall readability of the information.
5 
3.3. Performance evaluation

3.3.1. Hierarchical RAG outperforms in guideline-related queries
The complete set of anticancer drug-related PGxQA queries, re-

trieved contexts, and generated responses from HRAG and RAG is 
provided in Supplementary Table A.4. This table serves as the primary 
dataset for automated evaluation and practical evidence supporting 
the reported outcomes. For each PGxQA category, we calculated the 
average evaluation score and visualized the results in Fig.  4.

HRAG consistently outperformed RAG in evaluation metrics, includ-
ing Context precision, Context recall, Context Entity Recall, Response 
relevancy, Faithfulness, and F1 score, in the four categories related to 
guidelines; Phenotype to guideline, Drugs to genes, Genes to drugs, 
and Phenotype to category (Fig.  4, (e)–(h)). For example, F1 score for 
Phenotype to guideline was 0.89 in HRAG compared to 0.80 in RAG, 
indicating a substantial improvement that was statistically significant 
(𝑝 < 0.001, Fig.  4, (e)). In addition, HRAG also achieved higher scores 
in Context precision, Context recall across Phenotype to guideline and 
Drugs to genes categories (𝑝 < 0.05, Fig.  4, (e)–(f)). This results indicate 
that HRAG retrieved more relevant documents and fewer relevant 
documents were left out.

Categories related to genetic information retrieval, including Allele 
definition, Allele frequency, Allele function, and Diplotype to pheno-
type, showed lower performance for both models (Fig.  4, (a)–(d)). 
Overall, RAG outperformed HRAG in genotype-related categories. For 
instance, in the Allele frequency category, RAG achieved F1 score of 
0.19, significantly outperforming HRAG, which scored 0.04 (𝑝 < 0.001, 
Fig.  4, (b)). These categories require precise matching of identifiers or 
numerical values (e.g., rsIDs, allele frequency), which are challenging 
for LLMs due to their limited numerical reasoning and difficulty in exact 
matching of numbers.

3.3.2. Human evaluation results
Human evaluation showed that HRAG outperformed RAG across 

guideline-related categories such as Phenotype to guideline, Drugs to 
genes, Genes to Drugs, and Phenotype to category. In the Phenotype to 
guideline category, for instance, HRAG achieved an Accuracy score of 
3.917, significantly higher than the 1.250 scored by RAG (𝑝 < 0.001, 
Fig.  5, (e)). In addition to Accuracy, HRAG also showed statistically 
significant improvements across all other evaluation metrics in this 
category, including Relevancy, Completeness, Hallucination mitigation, 
RAG accuracy, and RAG relevancy. This suggests that HRAG retrieved 
context that is factually consistent with reference materials. It also 
delivered responses that were better aligned with the user’s intent, 
enhancing both the reliability and clinical utility of its outputs.

A similar trend was observed in the Drug to genes category, where 
HRAG received a perfect score of 4.0, significantly outperforming RAG’s 
1.83 (𝑝 < 0.001, Fig.  5, (f)). According to the PGxQA benchmark de-
scription (Supplementary Table A.1), this category explicitly evaluates 
a model’s ability to infer actionable gene targets for a given drug based 
on CPIC and DPWG guidelines. Therefore, the superior performance 
of HRAG in this task demonstrates its enhanced capacity to captures 
pharmacogenomic relationships between drugs and genes. Notably, 
HRAG achieved this perfect score not only in Accuracy, but also in 
Relevancy, Completeness, and Hallucination mitigation, reflecting its 
consistent performance across multiple evaluation criteria. This finding 
aligns with the automated evaluation results (Fig.  4, (f)).

In contrast, for genotype-related questions (Allele definition, Allele 
frequency, Allele function, and Diplotype to phenotype), RAG showed 
better scores (Fig.  5,(a)–(d)). Consistent with the automated evaluation 
results, the human evaluation also showed lower performance for both 
models in these categories, highlighting the difficulty of precise match-
ing of numeric values. This suggests that guideline-related content may 
benefit more from HRAG’s architecture than genotype-level queries.
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Fig. 3. Comparison of responses from RAG and HRAG using the practical usage prompt. Both models were asked to recommend an appropriate course of action 
for a CYP2D6 *4/*4 patient prescribed tamoxifen. The highlighted phrases in each response indicate actionable recommendations.

Fig. 4. Performance comparison of HRAG and RAG based on automated evaluation metrics, RAGAS. (a)–(h) subplots correspond to a PGxQA question category(N 
= the number of queries). Metrics include Context precision/recall/entity recall, Noise sensitivity, Response relevancy, Faithfulness, and F1 or BERTScore. For 
multiple-choice questions, the F1 score was used, while BERTScore was applied to short-answer questions, such as the ’Phenotype to guideline’ category. The 
numeric labels above the bars represent the score values for each RAGAS metric. A single asterisk (*) indicates statistical significance at 𝑝 < 0.05, and a double 
asterisk (**) indicates significance at 𝑝 < 0.001.
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Fig. 5. Performance comparison of HRAG and RAG based on human evaluation metrics. (a)–(h) subplots represent a PGxQA question category (N = the number 
of queries). Six evaluation criteria were rated by two PGx experts on a 4-point Likert scale (1 = strongly disagree, 4 = strongly agree): Accuracy, Relevancy, 
Completeness, Hallucination mitigation, RAG Accuracy, and RAG Relevancy. The numeric labels above the bars represent the score values for each evaluation 
metric. A single asterisk (*) indicates statistical significance at 𝑝 < 0.05, and a double asterisk (**) indicates significance at 𝑝 < 0.001.
Table 2
Performance comparison of HRAG and PGx4Statins on Statin. This table presents the mean scores from automated evaluation based on RAGAS 
metrics. HRAG_1: HRAG with prompt(a), HRAG_2: HRAG with PGx4Statin prompt, PGx4Statin_1: PGx4Statin with prompt(a), PGx4Statin_2: 
PGx4Statin with PGx4Statin prompt.
 Model Context precision Context recall Context entity recall Noise sensitivity Answer relevancy Faithfulness F1  
 HRAG_1 0.38 0.39 0.20 0.19 0.23 0.35 0.40 
 HRAG_2 0.35 0.41 0.18 0.08 0.11 0.30 0.23 
 PGx4Statin_1 0.20 0.30 0.05 0.29 0.10 0.37 0.29 
 PGx4Statin_2 0.23 0.29 0.05 0.20 0.13 0.31 0.24 
3.3.3. Performance comparison on statin
We compared the PGx4Statin and HRAG on statin using identi-

cal datasets and evaluation criteria (Supplementary Figure A.1). The 
average performance across RAGAS metrics for statin-related PGxQA 
queries showed that HRAG with prompt (a) achieved the highest perfor-
mance in context precision, context entity recall, answer relevancy, and 
F1 score (Table  2). When the mean scores were analyzed by category, 
the performance of both HRAG and PGx4Statin showed overall low 
accuracies in the Allele Definition, Allele Frequency, Allele Function, 
and Diplotype to Phenotype categories (Supplementary Figure A.2 and 
A.3). These results suggest that the inclusion of numerical nomencla-
ture in star-allele (e.g., CYP2C19*2, *3) posed inherent challenges for 
both PGx4Statin and HRAG. Additionally, PGx4Statin’s data scope con-
tributed to this results, as it included diplotype-to-phenotype mapping 
data but lacked other genetic data sources, such as allele frequency and 
allele definition.
7 
In the Drug to Gene and Gene to Drug categories, HRAG demon-
strated a significant advantage (𝑝 < 0.001), underscoring the strength of 
its hierarchical retrieval in inferring drug–gene relationships (Supple-
mentary Figure A.2 and A.3). Whereas PGx4Statin retrieved diplotype-
related documents, HRAG retrieved guideline-related chunks through 
summary-based searches. Therefore, HRAG was able to capture bidirec-
tional relationships between drugs and genetic variants, highlighting its 
versatility across PGx contexts.

In the Phenotype to guideline and Phenotype to category tasks, 
PGx4Statin outperformed HRAG in specific evaluation metrics, such 
as context precision (𝑝 < 0.05, Supplementary Figure A.2 and A.3). 
This was attributed to HRAG’s difficulty in accurately structuring tables 
extracted from PDFs, as confirmed by additional evaluation using pre-
processed tables(Supplementary Table A.2). Notably, in the phenotype 
to category task, a significantly low HRAG_2 score of Noise Sensitivity 
was observed. This difference was primarily due to the exceptionally 
low performance of HRAG with the PGx4Statin prompt, suggesting that 
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the choice of template significantly influenced the results in this specific 
case.

4. Discussion

In this study, we introduced a HRAG framework specialized in PGx 
and applied it to three anticancer drugs which have PGx guidelines; 
5-fluorouracil, capecitabine, and tamoxifen. We integrated the HRAG 
with an LLM to construct a PGx AI assistant capable of handling CPIC 
and DPWG documents on the same level of importance and granularity. 
As a result, HRAG outperformed the previous RAG framework in cases 
where both guideline and genomic information are involved. This 
improvement led to more accurate and clinically relevant PGx support 
in the guideline-related queries.

HRAG framework is the first to apply a hierarchical retrieval frame-
work specifically to the PGx domain. Prior studies in the text sum-
marization field proposed hierarchical encoding frameworks, which 
captured both horizontal relationships among tokens and vertical rela-
tionships across different levels of textual granularity [32,33]. HiRAG 
applied a hierarchical RAG framework to general-domain questions 
by using two layers of retrieval mechanisms [34]. More recently, a 
benchmarking study evaluated the performance of LLMs in generating 
PGx-based recommendations [35]. Whereas that study covered the 
entire spectrum of PGx genes, the present work focused on anticancer 
drugs and their associated PGx genes. Therefore, this study can be 
considered as a case study demonstrating how hierarchical retrieval can 
be applied to domain-specific medical guidelines.

Automated evaluation metrics and human evaluation showed that 
HRAG was effective in addressing guideline-related queries across four 
categories: Phenotype to guideline, Drugs to genes, Genes to drugs, and 
Phenotype to category. In particular, HRAG improved automated evalu-
ation scores for Context precision, Context recall, Context entity recall, 
Response relevancy, Faithfulness, and F1 in the Phenotype to guideline 
category. The improved performance of HRAG in guideline-related 
queries is supported by previous HiRAG research, which highlighted 
the limitations of RAG. Specifically, dense retrieval systems often divide 
entity-related information into separate textual segments, disrupting 
the contextual integrity of the content and hindering accurate retrieval. 
Prior work demonstrated that retrieving document chunks on a per-
entity basis was more effective under these conditions. Our findings 
reinforce this by showing that HRAG’s structured document database 
enables more accurate retrieval in specific cases.

However, HRAG showed higher noise sensitivity scores, indicating 
more incorrect claims in the responses. This can be attributed to 
RAG frequently returning ‘‘UNKNOWN’’ as a response, resulting in 
shorter or minimal outputs. Since the noise sensitivity metric uses the 
number of claims in the response as the denominator, systems that 
generate shorter responses—or avoid making claims altogether—may 
appear to have lower noise sensitivity. Notably, this difference was 
not statistically significant. In the Genes to drugs category, Context 
recall and Response relevancy were calculated as ‘‘NA’’. Such a result 
was observed because the metrics use the total number of claims in 
the response as the denominator. In cases where the RAG model’s 
response was ‘‘UNKNOWN’’, the denominator became zero, resulting 
score computation infeasible. These cases highlight a limitation in the 
RAGAS framework when models choose not to generate substantive 
answers.

Among the eight PGxQA categories evaluated in this study, Allele 
definition, Allele frequency, Allele function, and Diplotype to Pheno-
type focus primarily on retrieving precise genetic information, where 
accurate numerical and entity matching (e.g., correct rsIDs or allele 
labels) is crucial. For example, in the Allele definition category, the 
ability to correctly identify and explain the rsIDs of a given star-allele 
is essential for an accurate response. However, in these four categories, 
both HRAG and RAG showed lower performance compared to other 
QA categories. This observation aligns with a well-known limitation 
8 
of current LLMs: difficulty in performing precise numerical reasoning 
and entity grounding.[36] Our findings reinforce this limitation in 
the biomedical domain, where precise numeric retrieval is critical. To 
address this issue, future models may require improved numeric-aware 
retrieval frameworks to enhance reliability in such contexts.

In healthcare system, utilizing PGx AI assistants has the potential 
to adopt PGx in clinical workflows by delivering real-time, guideline-
concordant drug recommendations tailored to a patient’s genetic pro-
file. This could improve treatment efficacy, and accelerate the imple-
mentation of precision medicine. Beyond PGx, HRAG approach holds 
promise for broader medical applications. For example, many areas 
of medicine, such as disease classification systems (e.g., ICD codes), 
clinical pathways, and diagnostic frameworks, have tree-like structures. 
Our findings indicate that hierarchical indexing strategies may be 
applicable in structuring and navigating complex medical knowledge.

In a clinical context, the strong performance of HRAG in guideline-
related categories carries important implications for clinical decision 
support and medical education. Accurate retrieval and interpretation 
of PGx guidelines are critical, as previous studies have shown that 
the clinical implementation of PGx reduces inappropriate prescriptions 
and prevents ADRs [37–39]. However, clinicians often face substantial 
workload and time constraints, which hinder the routine use of PGx 
information in clinical practice [40–46]. LLM-based systems can help 
alleviate this burden by enabling faster access to accurate guideline 
information [47]. By reducing clinicians’ workload, such tools may 
facilitate the broader adoption of PGx-guided prescribing, ultimately 
contributing to safer pharmacotherapy and fewer ADRs. Conversely, 
HRAG’s limitations in precise numerical reasoning and entity grounding 
extend beyond technical challenges. Errors in retrieving genotype–
phenotype relationships may result in misdirected guideline recom-
mendations, potentially compromising patient safety and therapeutic 
efficacy. These observations underscore the necessity of developing 
retrieval frameworks that are both numerically robust and semantically 
precise, ensuring accuracy, safety, and clinical utility in PGx decision 
support.

This study has several limitations. First, HRAG framework was 
evaluated only on three anticancer drugs. To generalize the approach 
to the broader scope of PGx-guided therapies, future research is needed 
to determine what hierarchical structures would be most appropriate 
for various classes of drugs beyond oncology. While deeper hierarchies 
improve granularity, excessive layering can introduce inefficiencies 
and increase retrieval latency. Therefore, striking an optimal balance 
between hierarchical depth and retrieval efficiency is critical to maxi-
mize the effectiveness of the approach. Second, we did not incorporate 
additional PGx databases, such as PharmGKB and the FDA table, which 
contain further relevant information [48]. Integrating these resources is 
challenging because of differences in how they define and standardize 
key terms [49]. For example, CPIC and PharmGKB employ different 
terminologies for ‘‘phenotype‘‘, emphasizing the need for standardiza-
tion prior to integration. This lack of standardization also affected 
our evaluation process: when CPIC and DPWG guidelines presented 
differing recommendations, the LLM responses tended to aggregate 
toward CPIC content. Although both guidelines were provided in the 
practical prompts, resolving these discrepancies is crucial for effec-
tive data integration and represents an important subject for future 
research.

In conclusion, our study proposed a domain-specific HRAG frame-
work for PGx application, particularly focused on anticancer drugs. To 
the best of our knowledge, no previous work has applied hierarchical 
retrieval to PGx, making our approach a novel and impactful contribu-
tion. HRAG showed significantly improved performance compared to 
existing RAG approaches, especially in guideline-related queries. We 
hope that our findings will contribute to the development of more 
robust and reliable AI assistants that support healthcare professionals 
in delivering precision medicine.
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